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Abstract 

In recent years, there has been considerable interest in developing efficient machine diagnostics 

and prognostics tools for quantitative estimation of systems condition and remaining useful life. 

Often, it is beneficial to combine several measures into a single feature for machine condition 

monitoring purposes. Selection of appropriate features represents a key step to satisfy machine 

condition monitoring requirements. Gearboxes represent one of those complex systems where 

classification of fault stages and types (diagnostics) and remaining useful life prediction 

(prognostics) remain a challenging task.  

This thesis focuses on certain aspects of engineering tribology related to gearbox components 

diagnostics and prognostics based on multi-sensor measurements. A dynamic large-scale 

mechanical system test-bed has been designed, built, and commissioned. This apparatus is based 

on the accessory gearbox of the GE J85 turbojet engine, which operates in a number of aircrafts, 

such as the Canadair CT-114 Tutor. The test rig is equipped with a high speed data acquisition 

system along with a variety of sensing technologies such as vibration, sound, and acoustic 

emission transducers in addition to thermocouples, power cells and loading mechanisms. 

Various attributes are compared for detecting faulty gears and a non-parametric statistical method 

is used as a quantitative measure of transmission quality. The feature importance level is 

determined by the significant difference level; and the independent coefficient of the candidate 

feature is used to compare and rank different time and frequency features. An optimal feature set 

is then evaluated using the support vector machine classification method by considering a 

monotonically increasing classification rate. In addition, the selected feature subset has the 

potential to achieve a better recognition rate than those selected by other heuristic methods such 

as the mutual information method.  

This thesis also introduces two metrics which identify the appropriate prognostic feature: load 

stability ratio and degradation value. The two criteria can be used to compare candidate 
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prognostic features to determine which are most useful for prognosis. An optimization-based 

method is then used to obtain the optimal feature. The optimized feature can be used with a 

degradation path modeling to estimate RUL (remaining useful life) for the specific gear system. 
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Chapter 1 

Introduction 

Sudden and gradual machine failure in any industry can cause substantial costs including human 

resource safety, maintenance actions cost, and loss of profit. The lost would be more noticeable in 

industries such as aerospace sector in which safety represents a major concern. Approximately 

$100 billion is spent annually on aircraft maintenance, repair and overhaul. This is more than the 

value of a new aircraft production that is estimated at about $75 billion [1]. In November, 2010, a 

fatigue cracking in a stub pipe of the Trent 900 engine, during a regular flight of an Airbus 380,  

resulted in an oil leakage, followed by an oil fire which led to the failure of the intermediate 

pressure turbine. This has caused secondary damage to the aircraft structure and other systems 

and  led to aircraft emergency landing. The repairs totaled $145 million in addition to revenue 

lost during the over one‐year aircraft grounding [2]. Therefore, it is very crucial to be conscious 

of possible future component failures so that operations can be adjusted or auxiliary equipment 

can be employed to avoid fatal costs when possible.  

In applied industries, maintenance plans can have either of one of these three strategies: 

corrective, preventive, or condition-based. The first two are more traditional approaches in 

comparison with the last one. In corrective maintenance approach, the maintenance activities take 

place once a failure happens. By this strategy the maintenance cost may be reduced. However, the 

failure of the components is inevitable and secondary damage is most likely to occur. On the 

other hand, preventive maintenance consists of scheduled maintenance plans intended to prevent 

failure. This approach may minimize operating cost, but they usually have the highest 

maintenance cost. Condition-based maintenance (CBM) stands between these two traditional 
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servicing plans. In CBM, maintenance actions are performed depending on the condition of the 

machine. Maintenance is typically carried out after a diagnosis of a fault but well before failure; 

hence, avoid unexpected machine downtime. Figure 1-1 shows the costs related to each 

maintenance plan including operational costs [3]. As the figure shows, the lowest total costs 

belong to the condition‐based maintenance strategy.  

 

Figure 1-1Operating and maintenance cost chart 

To plan for the condition-based monitoring maintenance, failure prevention process should 

generally be considered. Failure prevention can be identified as the process of fault detection, 

diagnosis, and prognosis: 
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 Fault detection is the process of observing the measured system data and system status 

information and comparing them with a normal range to determine whether some 

measurements fall outside this range representing a departure from “healthy” condition. 

 Diagnosis is the process of determining the state of failing components and identifying the 

cause(s) of the failure. 

 Prognosis is the process of predicting impending component failures or abnormal system 

states before they actually occur and estimating RUL. 

In order to completely understand the benefit of CBM, trending the effect of a fault on the 

machine performance can be effectively applicable. The required degree of fault or failure 

prevention depends strongly on the complexity of the system and the application. Figure 1-2 

shows a system failure prevention process which includes obtaining the machine data from 

sensors and/or dynamic modeling of the machine, signal processing and/or system identification 

depending on the type of data available, data classification, and fault growth prediction.  

Decisions can be made at each step, which determine the degree of the required maintenance.  
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Figure 1-2 Machine failure prevention cycle 

Gears are among the most critical mechanical components that have wide application in many 

industries and have proven to be reliable with a long service life when properly applied. For 

example, aircraft engine accessory gearboxes represent one of the many critical systems that 

require special attention for longer and safer operation. As a result of improvements in gear 

materials, design, lubrication technology and service life, they have been gradually employed 

under more severe application requirements such as higher load, higher speed, and restricted 

lubrication. These requirements have made condition monitoring and fault diagnosis of gears 

important to ensure safe operation of rotary machines [4]. However, an appropriate choice of 
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sensors and applicable signal processing techniques along with a good test procedure is required 

to overcome the difficulty of condition monitoring of gears. 

A key component missing from the published prognostics research is a method to adequately 

identify the optimal prognostic parameter. This work attempts to fill that gap by developing 

methodologies for gear fault classes recognition and automatic identification of prognostic 

parameters from system data. The following dissertation presents the research completed to 

develop an automated method for fusing multiple data sources for individual‐based prognostics.  

1.1 Problem Statement  

Most of the empirical fault diagnostics and prognostics of critical industrial systems suffer from 

the need of real fault and failure data. A key area of research in fault diagnostics and prognostics 

is the provision of necessary data for CBM model development, either collected in real‐world or 

accelerated testing environments. Industry’s desire has been to keep the maintenance information 

proprietary which prevents research laboratories and centres from accessing field data related to 

system condition. Despite of the importance of availability of real life data for CBM study 

purposes, most of the available data are extracted from physics-based models and very few from 

real life data sets. In this thesis, the aim was to design, commission and develop a gearbox test 

apparatus to produce a series of  gear real life data. 

When a fault occurs in a system, warning measurements can be detected through monitored 

measures including vibration, sound, increased temperature, and oil debris. Appropriate measures 

of faults do not have to be a directly measured parameter. These measures could be obtained 

through a function of several measurements. Applying the measurements effectively and 

appropriately can help to identify the fault occurrence and severity.   
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The  way to identify the optimal subset of features from a given set of  initial fault measurement 

features is to carefully assess the recognition rate of all possible combinations of the features. 

However, in the case of a large number of features, this search strategy is time consuming and 

unreasonable. Many methods have been proposed to cope with the exhaustive search such as 

information theoretic ranking criteria [5-8], and neural networks-oriented selectors [9]. All of the 

proposed methods have advantages and restrictions. One of the most important feature selection 

methods is the mutual information feature selection method. Battiti [5] demonstrated that mutual 

information can be useful in feature selection problems and the method can be used in any 

classification system. However, one problem of the method is the computational expenses 

because of the probability estimations involved in the technique. The calculation is very 

complicated when the number of classes and the number of features are large. The computational 

complexity and the optimal efficiency of the selected feature subset represent two crucial 

problems in the existing methods of feature selection. In this thesis, a proposed method based on 

statistical significant difference and independency along with support vector machine (SVM) 

classification technique is applied to gear data to solve these two important and basic issues. The 

motivations for this approach are: the significant difference between (or among) gear fault 

severities measures the pattern separability of individual features, and the independence 

quantifies the non-correlation between features in the selected subset. 

The load on a gearbox system, especially the generator load might be changed during a duty 

cycle. Also, parameters such as oil and environment temperatures lead to some variations in 

operating conditions. Characterizing a metric to analyse the operating condition effects on the 

features can be useful. A metric is proposed to determine the features which have the fault 

detectability potential at different operating conditions. 
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For prognostic purposes, several measures of sources may be joined to provide a robust 

prognostic feature for estimating machine RUL. Identification of prognostic features is usually 

done by visual inspection and/or engineering judgment which are time consuming and expensive 

especially when the data in variable operating conditions are noisy. A prognostic feature selection 

method based on load stability ratio and degradation values are developed and applied to reduce 

the computational load of the optimization routine. Finally, the identified feature is applied to a 

degradation path model to give prognostic estimates. 

1.2 Original Contributions 

The research described herein provides several original contributions to the field of 

empirical‐based gear fault diagnostic and prognostic methods. The contributions belong mainly to 

the area of identifying fault diagnostic and prognostic features from several data sources for use 

in real life gear systems. Additionally, a test platform was developed to aid collecting close to 

reality data sets. The main centers of these contributions are detailed below: 

1. Design, reconfiguration and development of a unique test apparatus based on the 

accessory gearbox of the GE J85 turbojet engine which operates in a number of aircraft, 

such as the Canadair CT-114 Tutor. The attached accessories such as the lubrication, fuel, 

generator, and hydraulic systems have been redesigned to fit the new rig. The main 

purpose was to replicate real operating conditions such as speeds and loads and generate 

useful data for fault diagnostic and prognostic studies. 

2. Development of a non-parametric statistical-based method, combined with a SVM 

classifier to generate a set of features acquired using feature significance level. The 

procedure allows the determination of the optimal features from an initial group for a 

classification problem, and recognizes and removes information that is irrelevant or 
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redundant. The difference between (or amongst) gear fault levels is used to measure the 

pattern recognition performance for individual features.  

3. Development of a metric to characterize gear feature sensitivity to the fluctuation of  load 

to determine the features which have the fault detectability potential at different operating 

conditions.  

4. Development of two metrics to describe the appropriateness of a feature for gear 

degradation  prognostic method, namely load stability ratio and degradation value. 

5. Development of an optimized method to apply the proposed metrics to identify a suitable 

prognostic feature to remove unsuitable  data in order to improve the prognostic feature 

selection procedure. 

1.2.1 Organization of the Thesis 

The thesis is composed of six chapters. Chapter one (this chapter) gives a general introduction 

along with the problem statement and original contribution. Chapter two reviews the relevant 

literature in fault diagnostic and prognostics algorithms which are mainly related to gear 

applications. A detailed description of the gearbox test apparatus is given in chapter three.  This 

includes the design procedure, instrumentation, data acquisition system as well as the test matrix 

and procedures. Chapter four addresses two main topics in machine condition monitoring 

including feature selection problem and feature sensitivity analysis to the operating conditions. In 

the chapter the established framework for utilizing all data sources for better gear fault diagnosis 

is discussed. The fifth chapter outlines the gear prognostic methodology proposed to identify the 

optimal prognostic feature in the presence of variable operating conditions. Concluding remarks, 

as well as proposed areas of future work for the subject  are given in chapter six. 
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Chapter 2     

Literature Review 

Fault diagnostics and prognostics techniques are typically classified as either model based or data 

driven. Model based techniques are based on a dynamic model of the system. Data driven 

techniques, which is the approach undertaken in this study, rely on experimental measurements 

collected from transducers or simulated data.  

2.1 Mathematical Model Based Techniques 

Mathematical based models, also called system dynamic models deal with constrained 

characteristics or specific variables of engineering subsystems and not the functional interaction 

of these as a whole in a complex machine or device [10]. Therefore, a mathematical model of a 

gearbox vibration signature is basically a simulation of its structural response. These models 

should embody an understanding of the vibrating components, the effects of frequency 

modulation caused by the rotational motion of the gears, and the changes to the vibration 

signature induced by the appearance of a fault. However, these methods can be expensive to 

develop. Often, the underlying physical processes leading to defect or failure are not completely 

understood, and simplifying assumptions are usually considered to facilitate model development. 

Assumptions made in model development may not be fully applicable to real world systems, 

which limits the applicability of physics-based models. In addition, these models are often very 

expensive from a computational point of view. 

Ozguven et al. conducted a review of dynamic gear models [11]. The literature investigates 

bending stresses, contact stresses, pitting, scoring, transmission efficiency, estimation of loads on 
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different elements in the gearbox, such as the bearings. The proposed models include variation in 

the effects and basic assumptions. They classified the models into four groups; models with tooth 

compliance, models for gearboxes, models for geared rotors, and models for torsional vibration. 

Models were usually lumped parameter models with time varying stiffness.  

Randall has modeled gear faults and introduced amplitude and phase modulation concepts into 

gear vibration models [12]. Yao and McFadden modeled a gearbox using a two-parameter 

(stiffness and damping) model in which the inertia of two gears in a one-stage gearbox with 

torsional vibration was reduced to one equivalent mass [13]. Howard et al. [14] proposed a 

dynamic gear model to investigate the effects of friction between the teeth of the gears on gear 

case vibration. They calculated the meshing stiffness by finite element analysis. The effect of a 

gear defect on the vibration signature was shown. 

Bartelmus [15, 16] applied mathematical modeling and computer simulation to develop a gearbox 

dynamic model in support of signal evaluation for diagnostic inference. Some results of the 

computer simulations supporting diagnostic inference were presented. The work showed that 

mathematical modeling and computer simulation enable the detailed investigation of the dynamic 

properties of a gearing system. It was shown that a flexible coupling and an error mode random 

parameter have an influence on gearbox stability.  

For prognostics purposes, the longer run time of mathematical models needed for many damage 

propagation models makes them impractical for real‐time analysis. These models may be readily 

available for single components or single fault modes; however, developing accurate physics 

based failure models for large, complex systems has always been a tedious task. Kacprzynski et 

al. [17] aimed to reduce the inaccuracies of physics-based failure models by fusing the results 

with other data sources such as diagnostic results, prognostic architectures, inspection 
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information, and real‐time system level features. The authors applied their system to a gear with a 

seeded fault and found very promising results for the data fusion technique. In a different study 

[18], the same methodology was applied to helicopter gearboxes with similar success. Physics-

based failure models are a key component of life consumption models (LCM) and were first 

proposed by Ramakrishnan and Pecht [19] for monitoring failure time in electronic systems. The 

LCM methodology monitors the environment of a component or system during its entire lifecycle 

to determine the amount of damage incurred by the various loads and conditions experienced. 

2.2 Data-Driven Analysis Techniques 

As opposed to the mathematical -based techniques, data-driven models use measured data to 

analyse system behaviour and dynamics under real operational environment. Typically, these 

techniques provide no additional information about the physical mechanisms leading to defect 

creation. Data-driven techniques are more desirable than mathematical-based models because 

they are simpler to develop, contain real world relationships, and don’t require expertise in the 

underlying physical phenomena leading to defect creation.  

Basically, the model is first trained with part of the collected data covering the various health-

condition stages of the system and then validated using other sets of data from the same system or 

a similar one. However, these models are only valid to systems operating within the conditions 

and range of the training data. Another drawback of this approach is related to system 

prognostics, which depend on run‐to‐failure data.  Acquiring such data on real systems can be 

costly and challenging and may also result in safety issues. Usually, failure data used to build the 

model is the result of accelerated life testing performed on rigs or simulated systems. 

There are many analysis techniques which have been developed and evaluated over the years for 

processing dynamic signals to obtain diagnostic information about progressive gear faults. In 
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data-driven techniques, both diagnostics and prognostics phases include data collection/ 

monitoring and data manipulation as the first and second phases and utilize diagnostic/ prognostic 

approaches as the final phase. The prognostics-related literature will be exclusively explored in 

section 2.2.6. 

2.2.1 Data Collection & Monitoring Process 

Data monitoring is a process of collecting and storing raw data from sensors installed on the 

targeted machine. There are two types of these data: static and dynamic data. The static data like 

temperature and pressure are usually collected at low sampling frequency to report the condition 

of the system from time to time since they are not exposed to change abruptly unless a sudden 

abnormal operation or failure occur.  Conversely, dynamic data changes rapidly over time and 

usually represents a waveform pattern, e.g., vibration and acoustic signals.   

Fault diagnosis and system prognosis are based on a careful manipulation of raw (unprocessed) 

data. The latter can be affected by different parameters such as sensor malfunctions (calibration, 

installation, etc), environmental noise, and signal transmission from neighbouring equipment; 

hence, leading to inaccurate system condition monitoring.  

2.2.2 Data Manipulation 

Raw data from different sensing sources are manipulated in two different steps: Signal possessing 

/feature extraction, and feature selection. Most of following processes are the pre-requirements of 

both diagnostics and prognostics area.  

2.2.2.1 Signal Processing / Feature Extraction 

There are two important conditions to be considered from a signal processing point of view: 1) 

the Analogue to Digital Conversion (ADC) has already been performed during data collection, 2) 
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all the available discrete data have equal time steps. The specific class of data that will be the 

particular focus of this thesis is multivariate signals.  

To evaluate the health condition of a system, a number of useful information (features) should be 

extracted from the acquired signals allowing an assessment of its  health status. Feature extraction 

is an extensively studied area for which many models, algorithms and tools have been introduced. 

Most applicable ones in gear fault diagnostic and prognostics will be reviewed as followed: 

Order Tracking 

When a machine is operating under variable speed conditions, the harmonics of shaft speed smear 

the individual frequencies in the frequency spectra. Order tracking is a process applied to 

machine vibration signals where the rotational speed changes during measurement [20].  Since 

there is a time delay between the shaft speed signal and sampling rate adaptation, many 

commercial order trackers cannot compensate for rapidly changing shaft speed. Bossley et al. 

[21] investigated different interpolation algorithms such as linear interpolation, Lagrange 

interpolation, B-spine interpolation, and Fourier interpolation. They proposed an approach to 

overcome the tachometer arrival time sensitivity of conventional order tracking. 

Synchronous Time Domain Averaging 

Time domain averaging is a well-known process used to extract a periodic signal from a noisy 

waveform. The signal is averaged synchronously with a trigger signal in the time domain in order 

to attenuate the signal content that is not periodic with the trigger signal. The trigger is derived 

from a tachometer or other device that provides a constant number of pulses (typically one) per 

revolution of the gear. Therefore, the time samples are synchronized in a way that they all begin 

at the same exact angular position of the gear. Time domain averaging can be modeled as the 

convolution of a signal with a finite train of impulses of which the time domain duration between 
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the impulses is equal to the period of the desired signal. Only the fundamental and harmonic 

frequency components of the signal remain in the signal once the frequency convolution is 

completed.  

The general expression for performing this operation is shown below [22]. 
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where N is the number of averaged segments of the sample x(t), t is time in seconds and T is the 

periodic time. Synchronous time averaging has significant application in gear condition 

monitoring applications. In most applications, the pattern of tooth meshing vibration is clearly 

visible and dominated by the tooth meshing frequency or one of its harmonics. The variations 

between the individual teeth become evident allowing, in principle, the identification of damage 

on a single tooth. If the damage is slight, only small variations in the synchronous average may 

occur, perhaps even smaller than the normal variations in vibration which occur from one tooth to 

the next due to manufacturing imperfections. There may be no clear indication of faults if the 

synchronous average is dominated by the pattern of the tooth meshing vibration [23].  

McFadden [24] proposed a methodology where the time domain average can be calculated 

through interpolation of off-line data which provides an alternative technique when a trigger 

signal is not available. McFadden [25] applied a matched difference technique in order to adjust 

the synchronous time domain average to minimize phase and amplitude differences between 

successive signals. The differences were caused by variation in shaft speed or load as well as 

alignment deviation due to gearbox disassembly and reassembly over the testing period in order 
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to acquire data with different defect sizes. The matched difference technique included subtracting 

the successive time domain averages from one another and adjusting the amplitude and phase in 

order to reduce the difference between the signals. 

Stander et al. [26] applied time domain averaging where the signal was averaged without 

applying any order tracking and rotational domain averaging. The order tracking was applied 

before averaging and expressed in degrees of shaft rotation. 

Amplitude and Phase Demodulation 

If a time domain average or synchronous average of a gearbox vibration signal is calculated and 

band-pass filtered around the fundamental gear mesh frequency, the resulting signal will 

approximate a sinusoid where each peak in the sinusoid represents the structural response due to a 

gear tooth entering the gear mesh. McFadden [27] calculated the amplitude and phase modulation 

of tooth meshing vibration of a gear from the time domain average of the vibration to examine the 

amplitude and phase of the changes in the vibration due to a fatigue crack in a gear tooth. He 

explained that the phase angle of the change in the vibration might be related to the location of 

the fatigue crack across the face width of the tooth. However, it was also mentioned that there 

should be a more thorough theoretical analysis and a set of experimental tests on gears with 

simulated fatigue cracks at known locations to confirm that the measured phase angle was related 

to the crack position. Ma and Li [28] extended this technique to integrate all of the gear meshing 

harmonics and applied the technique to torsional vibration measurements on a test rig with seeded 

defects. They concluded that the technique is more sensitive in detecting defects when compared 

to a narrow band-filtered approach. 

Wang et al. [29] applied a resonance demodulation technique to detect incipient gear tooth 

cracks. The methodology was based on the fact that root cracks caused the gear tooth stiffness to 
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decrease resulting in changes in the impact strength as the defective gear tooth enters and leaves a 

meshed position with another gear. This differential impacting may excite a structural resonance. 

The band passed residual signal was demodulated to detect changes in the modulation due to 

cracked gear teeth. They found that using the whole resonance band as the demodulation range 

could produce better results for the detection of the gear faults than using a narrow band around a 

meshing harmonic. 

Time Domain Analysis 

The simplest time domain analyses are based on statistical indicators such as Root Mean Square, 

Peak Value, Crest Factor, and Kurtosis whose amplitude can be related to the state of the gear. In 

general, these parameters can be calculated for each measurement and trended over time to give 

an indication of machine condition. Martin and Ismal [30, 31] applied statistical distributions to 

experimental data measured on a gear test rig. A synchronous or time domain average of the 

vibration signal was calculated before applying the statistical distribution to segments of the time 

domain signal. Segmentation of the signal enabled local fault detection on the gear teeth. They 

showed that the Kurtosis value indicated the presence of defects. Samuel et al. [32] compared 

several time-domain features for fault detection in helicopter gearboxes. 

Spectral  Analysis 

Spectral analysis is the conversion of a time waveform into a frequency domain representation 

using a discrete Fourier transform. In contrast to the time domain, in the frequency domain, the 

amplitude at each discrete frequency can be monitored. A gearbox generates vibration at different 

fundamental frequencies and harmonics of the gear tooth meshing frequencies associated with 

different pairs of gears in the gearbox. Therefore, any change in the frequency spectra, such as an 

increase in the amplitude of the vibration at a particular frequency or the appearance of 
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modulation sidebands about that frequency, can often be traced to a single element in a complex 

system.  

The frequency spectra of a vibration signal measured from a gearbox consists of peaks located at 

integer multiples of the meshing frequency. There also exist sidebands which have the appearance 

of narrow-band processes. When faults appear on a gear, these narrow-band components develop 

and provide a useful signature for fault detection. However, the use of frequency analysis is 

somewhat limited for the early detection of localized gear faults such as chipped or missing teeth 

[22].  

Cepstral Analysis 

Cepstral analysis is a frequency spectrum of a frequency spectrum. It is used to detect a series of 

harmonics or sidebands in the frequency domain and their power density. Harmonics in a 

spectrum are reduced to one peak in the quefrency domain. In cepstral analysis peaks correspond 

to the frequency spacing common in the spectrum. Therefore, the periodicity in the spectrum can 

be detected [33]. Randall [34] applied cepstral analysis to gearbox vibration measured at two 

different positions on the gearbox casing and concluded that cepstral analysis is insensitive to the 

phase variation in the transmission path. Forrester [35] stated that cepstral analysis is not a useful 

technique to analyze synchronously averaged signals, since the signal is not periodic in the angle 

domain and periodicity is lost when transferred to the quefrency domain. 

Badaoui et al. [36] examined a simplified mechanical model of geared transmissions and 

concluded that acceleration signals were approximately characterized by the convolution of the 

second-order time derivative of a windowing function with impulse responses when a gear spall 

fault was present. Then they applied the power cepstrum to the simulated signal and were able to 

separate impulse responses and excitations. It was also demonstrated that the power cepstrum of 
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the windowing function is negative in contrast to no-defect excitations so that a tooth fault could 

be isolated from a minimum of the power cepstrum integral using a moving window whose extent 

corresponded to the time between tooth engagement and tooth disengagement. They proposed the 

moving cepstrum as a new defect identifier, which was used for both detection and localization. 

The concept was applied on numerical and experimental vibration data.  

Time-Frequency Analysis 

Signals with time-varying frequency content cannot be accurately analyzed with the traditional 

Fourier transform because this method averages the time varying signal and loses the non-

stationary characteristics, which may be important. In order to analyze such signals and to 

provide a time-frequency picture of a signal, it is necessary to use methods that show how the 

frequency content of the signal changes with time. Time-frequency techniques map a one-

dimensional dynamic signal onto a two-dimensional function of time and frequency. These 

techniques provide a method to analyze non-stationary signals rather than using Fourier 

transforms. However, each of these techniques has some drawbacks. It also seems that 

eliminating one of these shortcomings leads to the loss of advantage in another aspect of the 

analysis. The most widely employed time-frequency techniques involve the Wigner–Ville 

distribution (WVD), short-time Fourier transform (STFT), wavelet transforms (WT) and their 

improved derivatives. 

Short Time Fourier Transform (STFT) 

The Fourier transform can be adapted to analyze only small sections of vibration signals in order 

to reduce the loss of transient time information. A sequence of overlapped transforms is 

performed by shifting a window function in time over the whole signal. Transforms are calculated 

constantly to construct the time-frequency distribution of the signal, referred to as a spectrogram. 
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This approach is referred to as the Short Time Fourier Transform which provides information on 

the time and frequency at which events occur. A short time window results in good time 

resolution but poor frequency resolution and vise versa. The resolution of STFT also partly 

depends on the type of window applied. 

Wang and McFadden [37] showed that by visual inspection of the spectrogram, based on the 

STFT of the vibration signal of a damaged gear in an early damage stage, the excitation of local 

defects are more traceable than when using the WVD. Staszeweski et al. [38] applied the STFT 

technique to detect the defects in the vibration measurements on a spur gear test rig. They 

concluded that the defect appears as distributed wideband amplitude on the distribution. 

Winger-Ville Distribution (WVD) 

The Wigner-Ville distribution was developed to improve the resolution constraints of the STFT. 

This distribution is the relationship between the power spectrum and autocorrelation function for 

non-stationary signals. As mentioned before, damaged gear vibration signals are dominated by 

harmonics of the meshing frequency. Thus, interference between these strong components and 

other parts, like the modulation sidebands, produce some misleading components that appear 

among the real frequency components and detrimentally affect the interpretation of the time-

frequency distribution which make it difficult to interpret the status of the gear. 

Forrest [35] applied the WVD to synchronously averaged vibration data extracted from a Wessex 

helicopter main rotor gearbox. He concluded that the WVD technique could be used to detect and 

classify the extent of damage using the patterns of the distribution. Statistical and neural network 

classification techniques were applied to classify fault stages. 

Lee and White [39] investigated the use of the third and fourth order Wigner-Ville bi- and tri-

spectra to detect faults on an industrial gearbox and internal combustion engines. They concluded 



 

20 

 

that the tri-spectrum was more effective at detecting the defects on the gears compared to the 

conventional spectrum. 

Baydar et al. [15] compared the application of smoothed pseudo-Wigner-Ville distributions 

(SPWVD) on the vibration and acoustic signals extracted from a healthy and defective helical 

gearbox. The growing interference between the fundamental and its higher-order harmonics could 

represent an increase in fault severity. However, in the case of tooth cracks, the vibration signals 

seemed to be less sensitive to gear faults when compared to the acoustic signals. There were no 

significant differences between healthy and incipient crack conditions of the SPWVD plots. 

Wavelet Transform 

In contrast to the STFT where the window size is fixed, the wavelet transform enables variable 

window sizes in analyzing different frequency components within a signal; small windows for 

high frequencies and large windows for low frequencies. The result is a constant relative-

bandwidth frequency analysis, which is well suited for capturing transient features in time-

varying signals. Unlike the FFT, which expresses a signal as the sum of a series of single 

frequency sine and cosine functions, the wavelet transform decomposes the signal with respect to 

a chosen continuous function called a “mother wavelet”. The wavelet transform does not 

overcome the uncertainty principle but since the window lengths are variable, there is variable 

resolution that can increase performance.    

Wang and McFadden [40-42] applied the wavelet transform to analyze gear vibration signals to 

detect early signs of incipient mechanical failure. Orthogonal wavelets and Daubechies 4 and 

harmonic wavelets were used as the “mother wavelet” to calculate the CWT (continuous wavelet 

transform) of both analytical and tooth crack propagation experimental residual signals. The 

wavelet distribution successfully detected the fault-induced change and separated the meshing 
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harmonics from the localized change. To have a quantitative value to build an automatic 

diagnosis algorithm, they integrated the wavelet distribution along the frequency scale which 

provided the energy distribution with respect to the shaft angle. The Kurtosis value could then be 

used as a fault metric and clear indicator of a tooth crack and its propagation. Small changes in 

the vibration signal could not be detected. 

Staszewski and Tomlinson [38] applied the wavelet transformation (WT) and the WVD to a spur 

gear to detect a broken tooth.  Dalpiaz et al. [43] compared the efficiency of different diagnostic 

methods to detect gear teeth cracks from experimentally measured data. It was concluded that the 

application of the wavelet transform to synchronously averaged vibration signals was sensitive to 

the presence of a gear defect compared to the raw signal. Also, sensitivity of the signal processing 

to crack depth and the influence of the transducer position were evaluated. 

Zheng et al. [44] presented an approach of gear fault diagnosis based on continuous wavelet 

transform. They proposed the concept of time averaged wavelet spectrum (TAWS) and a feature 

energy method (FEM) based on TAWS. The Morlet function was chosen as the mother wavelet. 

TAWS based on CWT using a Morlet wavelet function revealed gear fault growth successfully.  

System Identification - Parametric Methods 

If a system can be represented by a linear differential equation, the system can be represented by 

a parametric model. A number of parametric methods are available for modeling mechanical 

systems including autoregressive (AR) modeling and autoregressive moving average (ARMA) 

modeling. AR modeling utilizes the time history of a signal to extract important information 

hidden in the signal. Basically, the AR model may be regarded as a set of autocorrelation 

functions. AR modeling of a time series is based on an assumption that the most recent data 

points contain more information than the other data points, and that each value of the series can 
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be predicted as a weighted sum of the previous values of the same series plus an error term. The 

AR model is defined by following equation. 

 

 

where x[n] is the current value of the time series, a1…aM are predictor (weighting) coefficients, M 

is the model order, indicating the number of the past values used to predict the current value, and 

ε[n] represents a one-step prediction error (the difference between the predicted value and the 

current value). 

Li et al. [45] evaluated several vibration based diagnostic techniques applied to gear tooth surface 

pitting and chipped gear teeth signals. Rantala and Suoranta [46] implemented AR modeling 

techniques for predictive maintenance of rotating machinery under constant load conditions. 

Their work used AR model residuals and proved to be successful. However, the authors pointed 

out in their summary that they could not make any recommendation about the structure of such a 

model taking into account changes in load condition. An improved work conducted by Wang and 

Wong [47] proposed a stationary AR model-based diagnostic approach which is to some extent 

capable of detecting a gear tooth crack earlier compared to conventional gear motion residual 

kurtosis. 

The previous mentioned research was based on stationary AR models. However, the vibration 

signals of a gearbox are usually non-stationary due the geometric errors, assembly problems, and 

faults. As a result, application of time-varying AR models, characterized by time-dependent 

model coefficients, can fit the non-stationary vibration signals better than stationary AR model. 

Zhan and Jardine [48] proposed three adaptive parametric models transformed from time-varying 
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vector-autoregressive models with their parameters estimated by means of a noise-adaptive 

Kalman filter (NAKF), extended Kalman filter (EKF) and modified extended Kalman filter 

(MEKF), respectively, on the basis of different assumptions. Their experiments using gearbox 

vibration signals showed that analysis based on Akaike Information Criterion (AIC), Final 

Prediction Error (FPE), and Coefficient of Determination together can provide reliable guidance 

for selecting AR model order. The results showed that EKF- and MEKF-based models 

demonstrate the ability to identify the gear fault induced features more clearly than non-

parametric T-F techniques like STFT and WVD, whereas the NAKF-based model demonstrates 

strong adaptability to a wide variety of model initialization. 

Zhan and Mechefske [49] proposed automatic gearbox condition monitoring using the Kalman 

filter-based AR model detection technique. They employed the Kolmogorov–Smirnov (K–S) 

goodness-of fit test statistic as a measure of gear condition which is a measure that relies on the 

probability distribution rather than the strength of AR model residuals. The technique was load-

independent. The simulated tests demonstrated that the proposed technique was successful in 

identifying the optimum AR model order for robust gear condition detection under varying load 

conditions. In the second part of their study, they employed their proposed Kalman filter-based 

model to an entire lifetime of condition detection data from three gearboxes with different 

geometrical characteristic, operating conditions, failure modes, and loads to evaluate the proposed 

technique. Experimental analysis demonstrated that the proposed condition detection system 

produced the best result in generating early warnings for incipient gear faults and only a few false 

alerts [50]. 
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2.2.2.2 Feature Selection 

It should be mentioned that in this study feature selection addresses that for fault diagnosis 

problem either fault incipient detection or multi-class fault detection. From observations and 

signal processing, a set of relevant features has to be determined for a particular classification 

technique to yield good performance. Some possible features may in fact be unrelated to the 

classification, or redundant with each other, which not only increases the computational 

requirements but also may reduce the classification performance. The objective of machine 

feature selection is to opt for a small relevant feature group to accomplish the required fault 

diagnosis performance while overcoming the risk of over-fitting problems. 

Data collection at different fault levels of mechanical systems is a tedious task; and the number of 

available data could be limited due to operation cost and accessibility. Data over-fitting arises 

when the number of extracted features is large and the number of accessible training patterns 

(data) is relatively small. In such a situation, one can easily find a decision function that separates 

the training data but will perform poorly on the test data. Therefore, too many or too few features 

can reduce the classification performance. 

 Quality of the features has a great impact on the performance of the classifier. The problem of 

feature selection was first proposed in machine learning. A good review can be found in [51]. 

Feature selection subject usually deals with the following concerns that have direct impact on the 

type of the feature selection approaches: feature selection methodology, search scheme, and 

evaluation criteria. 

Feature Selection Methodology 

Existing feature selection methods can be categorized in two groups: wrapper and filter methods.  
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Wrapper methods employ the accuracy of the applied classification algorithms, such as SVM, as 

the measure to determine the desired subset of features. Guyon et al. [52] proposed an SVM-

based gene wrapper model for cancer classification. Guadron et al. [53] proposed a SVM-based 

wrapper model for fault diagnosis with multivariate signals. These methods usually opt for 

features in a backward elimination approach, which is inefficient in determining highly optimal 

features and can lead to a poor performance prediction when a small feature set is selected. A 

drawback of the wrapper method is enormous amounts of computation [54].  

Filter methods select features based on the characteristics of data, independently from any 

classification algorithm [6].  These methods do not depend on the classifier, and apply the general 

characteristics of the data to evaluate the relevance of feature subset. Battiti [5] showed that 

mutual information is very practical in feature selection problems as a filter method; however, the 

method suffers from the complexity in estimating the mutual information when the number of 

features and classes is very large. Fault severity diagnosis as a multi-class classification problem 

is generally more difficult than classification of binary classes (healthy and defective status); but 

this approach can yield a more realistic assessment of the feature selection method when a range 

of feature vectors can appear across the different possible states [55]. 

Search Scheme 

 There are three main approaches to search the optimum feature subset in the feature domain. One 

approach is to consider an empty space and add one desired candidate feature at a time to the 

space. In this way, the search moves forward through the search space. While, by the other 

strategy, the search begins with all features under study in the feature set and then sequentially 

removes them or maintains them based on the evaluation criteria. Therefore, the search proceeds 

backward through the search space. Another alternative approach is stochastic searching which 
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begins with a randomly selected feature set, to which features can be added or removed 

stochastically one at a time until all the algorithm criteria are met. Pudil et al. [56] proposed two 

floating selection methods, sequential floating forward selection (SFFS) and sequential floating 

backward selection (SFBS). SFFS and SFBS methods track the feature space as long as 

improvements are found compared to previous feature sets of the same size, and they perform 

better than the straight sequential in problems with a large number of features. Also, a number of 

genetic algorithms (GA) on the stochastic searching strategy have been introduced in the 

literature[57-59].  

Feature Ranking Criteria  

For feature ranking many criteria have been proposed. One of the most important methods is 

mutual information ranking criterion [5, 8, 60] which will be discussed in detail in section 4.3. 

The criteria are based on the correlation of the features and features in one class. In other  word, it 

is based on the assumption that high-quality feature set includes features highly correlated with 

the class target. Abe et al. [55] studied a feature selection method considering overlapped spaces 

between classes by analyzing class regions approximated by ellipsoids.  

An optimal selected feature subset for one classifier may not be the optimal for other classifiers. 

Also, the computation cost in terms of time  could be considered high depending on the data set 

and the number of features. These are the two major concerns related to the criteria set for feature 

ranking. 

2.2.3 Sensor Types 

As pointed out in previous sections, most gear condition monitoring methods are based on the 

analysis of vibration and acoustic signals, measured at various locations of the gearbox. 
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2.2.3.1 Vibration Monitoring 

A vibration sensor (typically an accelerometer) is extensively applied for machine health 

monitoring. Piezoelectric accelerometers have a broad frequency and dynamic range which make 

them useful in these applications. 

2.2.3.2 Acoustic Sensors 

Recently, the improved capacity of acoustic instrumentation (microphones) based on filtering and 

windowing together with various dynamic signal processing techniques have made it possible to 

successfully apply acoustic instrumentation in machine health monitoring. In gear fault diagnosis, 

when a fault grows in the gearbox during constant operating conditions the acquired acoustic 

signals from the gearbox will change. One can provide useful diagnostic information by 

examining airborne sound from the gearbox. Acoustic instruments can be installed at a distance 

from the machine making the monitoring easier for inaccessible gears [61, 62]. 

2.2.3.3 Acoustic Emission Sensors 

Acoustic emission (AE) is the term that is used to refer to transient elastic waves generated by the 

rapid release of energy from a localized source in a material. An AE is like a sound wave which 

travels through a material as the result of the release of strain energy. When these waves reach the 

surface of the material they can be detected by AE sensors. AE instrumentation typically consists 

of a sensor that converts surface elastic waves to an electrical output. They are typically 

piezoelectric devices and require a low noise amplifier that filters out the low frequency 

components. Most AE is broadband between 20 kHz and 1 MHz and processing is usually carried 

out in the time domain [63]. AE sensors are also gaining application in machine condition 

monitoring because of their ability to pick up high-frequency stress wave energy signals 

associated with physical processes such as friction, impacts and wear which occur in machines 
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and increase with deterioration of the machine condition. AE has shown the potential of being 

capable of detecting faults before vibration based methods and various failure modes can be 

differentiated [64]. 

Tandon et al. [65] applied AE to spur gears in a back-to-back gearbox test rig. Three AE 

parameters were measured; energy, peak amplitude and AE counts. The authors concluded that 

the AE parameters increased as the defect size (diameter of pit) and load increased. Al-Balushi et 

al. [66] employed energy-based features for diagnosis of spurs gears.  The square root of the 

energy index, the cumulative energy index and the cumulative square root of energy index were 

the selected features. The authors concluded that the AE technique was capable of defect 

identification and localization. Singh et al. [67]  investigated the feasibility and placement of AE 

sensors to detect gear tooth breakage. The comparative analysis of the placement of the sensor on 

the rotating gear and the bearing pedestal showed much greater sensitivity on rotating gear 

damage.  

2.2.4 Multi-Sensor Data 

Merging different types of data to modify existing clustering techniques used in general gearbox 

diagnosis algorithms was shown to perform better than diagnostics based on only a single sensor. 

Procedure of installing multi-sensor on a complex system and data collection system based on all 

the sensors would appear to be a tedious and complicated task. But, since some of the sources can 

relate to the condition of the machine under study, the results of multi-sensor data observation 

outperforms single sensor setup. Hannah et al. [68] reviewed frameworks in data fusion 

applications for condition monitoring and diagnostic problems. 

Lopez et al. [69] and Essawy et al. [70] used vibration data from different locations on a gearbox 

for condition monitoring. Their research applied a fusion of the collected data (vibration 
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measurements) and neural networks. Multiple accelerometers were installed at various locations 

on a helicopter transmission. Their method included training a neural network for each sensor and 

then directing the output to another network to make a decision on the condition of the gearbox. 

Tian et al. [71] used ICA in frequency domain and wavelet filtering for gearbox fault diagnostics. 

Vilela et al. [72] applied the temporal de-correlation strategy to separate the acoustic signals for 

machine condition monitoring.  

2.2.5 Fault Classification 

In this section, two categories of fault classification techniques will be presented: artificial 

intelligent techniques (AIT) and statistical techniques.  

2.2.5.1 Artificial intelligent Techniques (AIT) 

Numerous studies in fault diagnostics and classification are focussed on the application of AIT 

like artificial neural networks (ANN), fuzzy logic systems (FLS), and adaptive neuro-fuzzy 

inference system (ANFIS). To apply most of these types of techniques, one needs training data as 

far as specific information from experimental data to train the built model. This training step is 

supervised learning. However, in AIT there are approaches that do not need training data like 

unsupervised neural networks including self-organizing map (SOM) and learning vector 

quantization.  

In general, the underlying principle of neural networks is that numerous neuron-like functions 

process the data in a parallel and distributed fashion. The processing units, or neurons, are 

interconnected and the knowledge is represented by strengths, or weights of connections between 

units. The knowledge is usually distributed over a large number of connections so that the 

operation of these networks may still continue even if part of the connections are destroyed or not 

present due to malfunction. This parallelism results in high-speed information processing and 
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fault tolerance [73]. The feed forward neural network (FFNN) in which the information moves 

only forward, from inputs, through hidden neurons, and to outputs is the first and simplest type of 

ANN devised. 

Xu et al. [74] showed that ANNs could be trained from time domain vibration data to classify six 

different helicopter transmission fault conditions. They presented the time domain data to the 

network without any pre-processing. Dellomo [75] used an ANN to classify fault condition on the 

main gearbox of a helicopter. He order-tracked the data and the signals were demodulated. He 

extracted the features as the input to an ANN from the spectrum of the demodulated vibration 

signal. He concluded that a network of two layers was sufficient to reach to the classification and 

diagnosis objective. Additional layers improved the performance of the network only slightly. 

Rafiee et al. [76] developed an algorithm for classifying gearbox fault modes using two-layer 

ANN. Jammu et al. [77, 78] proposed a diagnosis method for helicopter gearboxes that used 

knowledge of the gearbox structure and characteristics of vibration features to define the 

correlation between the features and faults. A multi degree of freedom lumped mass model of the 

gearbox and a procedure to acquire diagnostic information was proposed. This method combined 

the areas of dynamic modeling, fuzzy systems and Neural Networks to model the gearbox, 

represent diagnostic data, and to perform diagnosis. Saravanan et al. [79] applied FFNN to detect 

incipient faults in bevel gearboxes. Wu et al. [80] applied ANN on acoustic emission signals for 

engine fault modes classification. They also used back-propagation neural network and 

generalized regression neural network for classifying fault modes in automotive generators [81]. 

The concept of  FLS came by Zadeh [82] was presented not as a control methodology, but as a 

way of processing data by allowing partial set membership rather than hard set membership or 
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non-membership. Because of uncertainties in the data, a number of researchers prefer the 

application of fuzzy member functions in FLS. 

AFIS is similar to FLS with the difference  in the direction of minimizing the error. The 

performance of this method is like both ANN and FLS. In both ANN and FLS case, the input 

passes through the input layer (by input membership function) and the output could be seen in 

output layer (by output membership functions). Since ANN has been applied to this type of 

advanced FLS, therefore, by using a learning algorithm the parameters have been changed until 

the optimal solution has been reached. ANFIS applies either back propagation or a combination 

of least squares estimation and back propagation for membership function parameter estimation. 

Wu et al. [83] used ANFIS for gear fault mode classification using wavelet transform related 

features Nguyen et al. [84] used ANFIS in the fault mode classification of a transmission line.  

2.2.5.2 Statistical techniques (ST) 

A common method of machine fault diagnosis is grouping signals into different fault categories 

based on the statistical similarity of the applied data. This groups the data in such a way to have 

minimum variance in a group and maximum variance between (among) groups. One common 

way is to measure the distance between the signals. Euclidean distance, Mahalanobis distance, 

and Bayesian distance which all are unsupervised learning methods. The popular statistical 

method in machine fault diagnostics is K-nearest neighbour technique which merges two closest 

groups together and calculates the distance between two groups as the distance of the nearest 

neighbour in the two separate classes [85]. Taylor and Addison employed various novelty 

detectors including SOMs and K-nearest neighbor classifiers to detect faults in a gas turbine. 

Hidden Markov Model (HMM) is another appropriate model for fault detection. This technique 

can be applied in such a way to consider a HMM with states having no physical meaning for 
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machine healthy and faulty conditions as the hidden states of the HMM structure. Next, to 

identify an observation with the unknown machine health status, a trained HMM is applied. Li et 

al. [86] used HMM to recognize faults of the speed-up and speed-down process in rotating 

machinery. Nelwamondo et al. [87] classified early faults in rolling-element bearings using 

HMM. Details on their work will be presented in the prognostics section. 

Support Vector Machines (SVM) is another classification approach which is systematic, 

reproducible and properly justified by statistical learning theory. The approach produces well-

designed mathematical models that are both geometrically and theoretically logical [88]. In this 

study SVM is applied to the data for the fault diagnostics purposes, therefore, the theory of SVM 

classification will be presented in Chapter Four.  

Moster [89] used SVM to detect faults from the vibration signatures of miniature plastic 

gearboxes running at constant speed. Widodo et al.[90] reviewed the application of SVM for 

classifying faults in system diagnostics. He et al. [91] detected faults in valves from reciprocating 

pumps using SVM. Yuan et al. [92] developed a multi-class SVM classifier to classify fault 

modes in a turbo-pump rotor. Yuan et al. [93] developed a method based on SVM and artificial 

immunization algorithm for classifying fault modes in a turbo-pump rotor. 

Some studies compared the performance of classification methods. Samanta [94] studied the 

performance of ANN and SVM for fault mode classification, and found that SVM had better 

classification rate in comparison with ANN for all tested cases. Also, Miao et al. [95]  

investigated and compared the performance of the HMM and SVM on gearbox fault diagnostics. 

They showed that SVM has better classification performance in this area. 

Timusk et al. [96] developed and tested an algorithm for vibration-based online detection of 

faults for the class of machinery where there is no historical fault data and the machine is in a 
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state of transient operation. They used a gearbox test rig to show how various configurations of 

the proposed system could detect different types of faults. 

There are other classification techniques which have been reviewed to determine the applicability 

for machinery fault detection including expert system classification [97], decision trees [98], and 

linear least squares [99]. 

2.2.6 Prognostics 

As outlined in Chapter one, prognostics represent a module in a larger health monitoring system 

which also includes system monitoring, fault detection, and component fault diagnostics. To 

determine the failure time of a machine component, one should first detect and identify the fault 

causing the failure. Kothamasu et al. [100] describe prognostics as part of a full CBM system. 

The authors applied prognostic estimates to aid maintenance scheduling and planning; they also 

suggest prognostics for optimal control algorithms. Hess et al. [101] suggest the use of RUL 

estimates for maintenance planning and logistics systems.  

The objective of a desired prognostic system can be to calculate the RUL of individual 

components in machines based on their application and performance as accurate as possible. 

One requirement to estimate the RUL is that the time of the failure should be clearly defined. 

There are usually two types of failures: soft failure and hard failure [102]. Once the system 

reaches some pre-defined critical thresholds, it can be considered as a soft failure of the system. 

The system usually continues to function with a lower performance. The system specification 

and/or operator judgment does not allow the system to run after meeting that pre-defined 

threshold. System can be monitored and trended to make estimates of RUL due to a soft failure. 

However, hard failure takes place once the system loses its functionality completely and stops 

operating. Since the system can be monitored and the desired parameters associated to the system 
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degradation be trended over the time before the occurrence of the soft failure, this research aims 

to thoroughly study this type of failure.  

The system RUL at any time before failure is simply the time between the current time (tc) and 

the failure time (tF)  (Figure 2-1a). Figure 2-1b shows the reverse relationship between system 

running time and the calculated RUL.  

To develop a prognostic system for a machine/component, it is essential to consider the following 

points: recognizing important failure modes, identifying  key metrics that need to be monitored to 

be able to detect these failure modes, and developing appropriate algorithms to track the failure 

modes. Different models have been developed for different applications/systems.  

 

 

  

(a)                                                                                       (b) 

Figure 2-1 (a) Estimation of RUL (b) Relationship between running time and estimated RUL 
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These prognostic algorithms can be categorized according to many criteria. One approach is to 

categorize the prognostic methods based on the type of information used to make prognostic 

estimates. This approach includes: traditional time to failure analysis, stressor‐based analysis 

using operational and environmental condition data to estimate RUL, and condition‐based 

analysis which characterizes the lifetime of a specific component/system operating in a specific 

environment [103].  

The other approach is to categorize the prognostic algorithms similar to diagnostic algorithm 

categorization as statistical methods and AI methods. The following section reviews the 

algorithms based on the latter categorization. 

 

2.2.5.1 Artificial Intelligence Techniques 

Tse et al. [37] used recurrent neural networks to prognosticate of  the failure time of a machine 

based on vibration measurements. Wang et al. [104] applied ANFIS in  studying gearbox 

prognosis. Samanta et al. [105]compared ANFIS and SVM for gearbox condition prognostics. 

Their results showed that SVM was better than ANFIS. Hong et al. [106] used SVM for engine 

condition prognostics. Pai [107] proposed an algorithm based on SVM and  genetic algorithm for 

prognostics of system reliability. Kim et al. [108] proposed an AI prognostic method based on 

SVM to estimate bearings RUL. Choi and Li [109] apply instantaneous mixing functions to fuse 

time and frequency data to estimate crack size in gear tooth traverse cracks. 

 

2.2.5.2 Statistical Techniques 

Finally, the last category of prognostic algorithms attempts to estimate RUL of a system based on 

statistical techniques. These techniques aim to estimate either the exact time of failure or the 
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distribution of time of failure. The most common methods in this class are Markov chain models, 

proportional hazard models, and parametric models which are described in detail in the following 

sections.  

 

Markov Chain Models (MCM) 

Markov Chains and Hidden Markov Chains have many applications in prognostics studies [95]. 

The Markov Chain model assumes that the next state which a system will reach depends only on 

the current state. Past states are not involved in the probability of transitioning to a new state. 

There are two types of Markov Chain prognostic models, differing only in the information they 

use to simulate possible future states. The first model, also called the environmental model, is a 

Markov Chain simulation which produces possible future operating state progressions based on 

transition probabilities seen in the past and the current operating state. The operating condition 

model is defined by the transition probability matrix: 

 

   

       
   

       

  

 

where yab is the probability of transitioning from a state “a” to state “b”. This model is used to 

simulate many possible future state progressions beginning at the current state. Then, these state 

progressions are transformed to an assessment for degradation, which is the second model in the 

Markov Chain algorithm. The assessment is introduced as a function of measurable operating 

conditions. Since the operating conditions usually affect the components/systems in a cumulative 
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way, the prognostic parameter to represent the effect of operating conditions is in a cumulative 

format as below:  

                

 

   

          

 

where G(tj) is the degradation measure value at time ti, E(ti, ti+Δt) is the operating condition 

observed at the time interval Δt, and f(.) is an appropriate function of operating conditions. 

Once the estimated degradation assessment reaches the defined threshold, it can be considered as 

the failure time. At each time of interest, many possible state progressions are simulated and 

transferred to degradation assessments. These measures are then used to define a time of failure 

distribution for the system. Zhang et al. [110] applied MCM to generate a health index which is 

the input to an adaptive prognostic component for point estimation of RUL. 

 

 Proportional Hazards Model (PHM) 

PHM developed by Cox [111] merges failure time data and operating condition  data to make 

RUL estimates. The model uses operating conditions, called covariates, to modify the baseline 

hazard rate to give a new hazard rate for the system’s specific usage conditions: 

 

                   

 

   

    

 

Failure data collected at covariate operating conditions are used to solve for the parameters (αi) 
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applying an ordinary least squares algorithm. An assumption of PHM  is that the effects of these 

covariates are multiplicative; this means that when the ratio of two covariates is evaluated, their 

hazard rates are proportional. A full discussion of developing a proportional hazards model can 

be found in [7]. Dale [112] applied the proportional hazard model to estimate product reliability 

by applying it to heterogeneous data from non‐repairable systems. Makis et al. [113] proposed a 

model for optimal replacement based on PHM. In their model, it is assumed that the failure rate 

of a system is a function of age but can also depend on the values for condition indicators 

describing the effect of the environment in which it operates. Banjevic et al. [114] developed 

PHM for the optimization of maintenance decisions. They used time dependent stochastic 

covariates to describe the failure rate of a system. 

 

 Parametric Models 

Parametric models, or degradation modeling usually aim to track a prognostic feature 

representing component/system degradation and extrapolate it to some pre‐defined threshold to 

estimate the system RUL [115, 116]. In later years, the extrapolation methodology of traditional 

regression models has been utilized in many applications including helicopter gearboxes [117], 

flight control actuators [118], and aircraft power systems [119]. Chinnam [120] applied the 

extrapolation methodology to feed forward neural networks for estimating degradation levels.  

Greitzer et al. [116] proposed a slightly different formulation of the GPM in which they 

introduced the Life Extension analysis and prognostics (LEAP) method. LEAP differs from GPM 

primarily in that it is a short‐term regression model. Instead of regressing a model onto the entire 

operating history of a system or component, LEAP utilizes some recent windows of data for the 
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regression. Although using more data tends to lead to more stable predictions, using the entire 

operating history may mask recent changes in behavior which are of critical importance. 

2.3 Summary 

This chapter has given an overview of the related diagnostics and prognostics research available 

in the open literature. The diagnostics and prognostics include the same two steps of data 

acquisition and data processing. The principles of data acquisition and data processing which are 

the common steps for diagnostics and prognostics especially applicable for rotating machinery 

were addressed  and some reported works were reviewed.  Some reported works related to 

statistical and artificial intelligence methods of data-driven approaches were reported for both 

diagnostics and prognostics. The next chapter discusses the experimental gearbox apparatus that 

has been developed to aid in fast prototyping of gearbox diagnostic prognostic models of the 

three types. The following chapters identify the specific need remaining in diagnostics and  

prognostics research which is addressed by this dissertation and the methodology developed to 

address this need, and results of its application. 
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Chapter 3 

Test Apparatus and Testing Procedure 

 

In order to develop effective diagnostic and prognostic framework for aerospace applications, a 

test rig was designed to provide full capabilities of performing controlled experiments suitable for 

developing a reliable diagnostic and prognostic system. The rig was based on the accessory 

gearbox of the GE J85 turbojet engine, which has been slightly modified and reconfigured to 

replicate real operating conditions such as speeds and loads. It was designed and established for a 

collaborative research project between Aerospace Portfolio of the National Research Council 

Canada and the Department of Mechanical and Material Engineering at Queen's University. This 

chapter introduces the test rig, gives details of the conducted experiments, and the collected data 

used to validate the proposed algorithms described in the next chapters. 

This thesis focuses on gear fault diagnostics with emphasis on gear fault level which  refers to the 

severity of a certain fault. Common fault levels are binary labels, namely, healthy and faulty 

which is a wildly studied problem. Complex problems can include multiple labels. These labels 

could be different fault levels each of which corresponds to a certain range of quantitative 

measures [121]. 

3.1 Gearbox Test Facility and Instrumentation 

The GE J85 is a high thrust, lightweight, turbojet engine which was produced in different variants 

with a thrust ranging between 12.7 and 13.8 kN (2850-3100 lbf). The engine features a rotor 

supported by three rolling-element bearings and an eight-stage axial flow compressor coupled 
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directly to two turbine stages. The test gearbox belongs to the J85 CAN40 engine variant which is 

still in service on the Canadair CT-114 Tutor.  

Generally, accessories for gas turbine engines can be divided into two categories: 1) those driven 

by bleed air taken from the compressor section of the engine and, 2) those driven mechanically by 

an accessory gearbox connected directly or indirectly to the engine main shaft. In general, the 

mechanical connection from the engine shaft may be through an engine-mounted gearbox or 

through a power takeoff shaft to a remotely mounted gearbox.  

Figure 3-1 presents a cutaway section of a J-85 engine showing its main components as well as 

the accessory gearbox attached to the engine casing below the compressor section. The gearbox is 

characterized by four parallel shaftgears (Figure 3-2) driving the various accessories mounted at 

each pad as shown in the detailed schematic of Figure 3-3. This gearbox variant is driven axially 

(axis B) via a transfer gearbox connected to the engine by an output shaft (axis A). Power is then 

transmitted directly to the over speed governor and indirectly to the remaining accessories 

(starter/generator, hydraulic, fuel and lubrication pumps) through gears F, C and D.  Rolling-

element bearings are used to support and guide all shafts as shown in Figure 3-3. Both ends of the 

main shaftgear (axis B) are splined to the transfer gearbox and over speed governor coupling 

shafts and could rotate at a maximum speed of 7811 rpm. At take-off regime, shaftgear B rotates 

at 6249 rpm (80% of its maximum speed), whereas its cruise speed is about 3671 rpm (47% of 

maximum speed).   

Shaftgear D drives the main fuel pump as well as the lubrication pump mounted on opposite pads 

of the gearbox. The fuel pump is driven through a spline connection and could run up to a 

maximum speed of 6075 rpm, whereas the oil pump is geared to axis D using an internal gear 

mechanism and could reach 4190 rpm at gearbox maximum speed. Shaftgear C is also driven by 
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shaftgear B through the idler shaft F at a maximum speed of 7088 rpm. This shaft drives both the 

hydraulic pump and the starter/generator located at each of its ends. The three shafts are 

connected through splines to transmit power. Gears characteristics and rotational frequencies of 

each shaftgear are given in Table 3-1 and Table 3-2, respectively.  

 

 

Figure 3-1 Cutaway section of J85 engine 
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Figure 3-2 Test gearbox 

 

 

Figure 3-3 Schematic of the test gearbox and accessories-Before Modification 
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Table 3-1 Gears specification 

Shaft 

Shaftgear B Shaftgear F Shaftgear C Shaftgear D Oil pump 

Gear B F1 F2 C D1 D2 OP 

Number 

of teeth 

49 24 24 54 63 20 29 

 

 

Table 3-2 Characteristic frequencies of shafts and gears 

Speed 

Frequency, Hz 

Shaftgear 

B 

Shaftgear 

F 

Shaftgear 

C 

Shaftgear 

D 

Gearbox 

mesh 

Oil pump 

mesh 

Maximum 130.2 265.8 118.1 101.2 6379 2025 

Take-off 104.2 212.6 94.5 81 5103.2 1620 

Cruise 61.2 124.9 55.5 47.6 2998.1 951.8 

 

3.1.1 Rig Description 

A general view of the test rig is shown in Figure 3-4. The gearbox and its accessories are 

mounted on the upper part of a duplex frame solidly bolted to the floor. Foamed rubber sheets 

were fitted between the upper and lower parts of the frame to protect the rig from any external 
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vibration sources and also attenuate the response amplitude due to the transmission of reaction 

forces from the various rotating components of the gearbox and its accessories. 

 

 

Figure 3-4 General view of the gearbox rig 
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Figure 3-5 Schematic of the test gearbox and its accessories-After modification 

For testing purposes, some changes have been brought to the gearbox drive mechanism as well as 

the accessories to simulate real operating conditions. Figure 3-5 shows a schematic of the various 

modifications and a detailed explanation is provided below. 

One of the important changes was the drive system which is composed of a 15 kW (~20 hp) 

electric motor connected to the gearbox (axis B) through a pulley/belt system and a variable 

frequency drive (VFD). The dimensions of the pulleys were carefully selected to reach the 

required operating speeds. The VFD allows a remote control of the motor speed and an accurate 

setting of the ramp up speed rate. 

The oil pump installed on the right hand pad of axis D is a multi-element combined lubrication 

and scavenge vane pump. It is composed of one pressure and five scavenge elements. The 

pressure element of the pump lubricates the gearboxes and the engine main bearings through a 

system of internal channels, flexible pipes and nozzles which direct oil onto the various bearings 
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and gears. Conversely, each scavenge-element picks up oil/air mixture from a specified sump as 

shown in Figure 3-6a. As the engine and transfer gearbox are not part of the test facility, some 

changes have been brought to the lube system simulating real oil circulation in the engine and 

assuring a proper operation of the pump elements (Figure 3-6b). The main modification was the 

connection of the pressure line to the scavenge pipes of the engine main bearings, Power take-off 

assembly (bearings and gears), and transfer gearbox. Orifice restrictors have been installed in 

each scavenge line to maintain the proper amount of oil flow rate through the scavenge elements 

of the pump. Table 3-3 presents the oil flow rate at the various scavenge  elements as well as the  

sizes of the implemented oil restriction orifices.  Since all sumps represent an oil/air mixture, a 

vent tube equipped with a check valve (open to air) was also added and connected to the scavenge 

pipes as shown in Figure 3-6b. 

 

Figure 3-6 Schematic of lubrication system: a. original, b. modified 
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Table 3-3 Oil circulation characteristics 

Element 

Scavenge 

#1 

Scavenge 

#2 

Scavenge 

#3 

Scavenge 

#4 

Scavenge 

#5 

Pressure 

tap 

Connection 

Part 

Front 

sump 

Accessor

y gearbox 

Transfer 

gearbox 

Bearing 

#2 

PTO & Bearing 

#3 
 

Flow rate 

(gpm) 

1 1 1 3 3 2.5 

Orifice size (in) 0.031  0.031 0.093 0.091  

 

Due to some technical issues and a failure to reach the required fuel pressure at gearbox 

maximum speed, the fuel system was replaced by a truck alternator to keep the gearbox properly 

loaded at that pad. A battery and a load bank were connected in series to the alternator allowing 

the application of the required loads at different speeds. The load bank has five amperage 

switches allowing the application of various and fully controllable electrical loads to the 

alternator depending on the operational speed and simulating real loads exerted by the fuel system 

on the gearbox. The alternator outputs a constant voltage of 14 V and the load bank can apply up 

to 107 A (amps) electrical load representing a total of 1.5 kW (2 hp) power draw. 

The hydraulic system contains the following units: a) a reservoir to hold a supply of hydraulic 

fluid, b) a pump to insure fluid circulation and,  c) a pressure relief valve (PRV) to control or 

limit the pressure in the system. The hydraulic pump installed at the left-hand rear driving pad of 

the accessories-drive gearbox and its circulation system was slightly modified for testing 

purposes The pump was piped to the hydraulic oil tank forming a closed loop and assuring the 
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pressure of the hydraulic oil leaving the pump is in the range of 9.653 MPa to 11.204 MPa (1400 

to 1625 psi) at all operational speeds as specified in the engine’s manual. The pressure relief 

valve (PRV) bleeds oil in the tank as the pressure reaches the threshold of 11.204 MPa. 

The starter/generator, mounted on the same axis as the hydraulic pump and on its opposite pad, 

plays two major roles: starts the engine and provides power to the various pieces of electrical 

equipment in the aircraft. It is important to mention that the starter/generator was used as a 

generator only allowing the gears' teeth to be loaded in the same direction over the testing period. 

A voltage regulator is attached to the generator to automatically maintain a constant output 

voltage level of about 28 V. The voltage regulator operates by comparing and adjusting the actual 

output voltage to an internal fixed reference voltage. A large capacity multiple-switch load bank 

(up to 400 A) loads the generator based on real estimation of the total electrical power 

consumption of a typical aircraft powered by this engine variant. The electrical load varies 

between 110 A and 140.  A resulting in a power consumption ranging between 3.08 kW and 3.92 

kW (4.13 hp to 5.25 hp).  

Figure 3-7 shows that gearbox operation at its take-off speed (see Table 3-2), which represents 

about 80% of the actual full speed, the total electrical power draw is around 5 hp. The power 

draw increases linearly as long as the speed is increased linearly. The Power trend has a sharp 

peak around 500 rpm which could represent one of the electrical motor excitation frequency 

modes. It is also important to mention that for this specific test, the gearbox was not fully loaded. 
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Figure 3-7 Electrical motor power and operational speed 

Speeds of two of the shaftgears are acquired throughout the testing process. A built-in encoder, 

installed in the lubrication pump, records the speed of shaftgear  D and a supplementary encoder, 

installed on the main shaft, measures the speed of shaftgear  B. The latter produces 30 pulses per 

second. Figure 3-8 depicts the additional encoder installed on shaftgear B. All the signal 

processing steps are based on the speed of shaftgear B. 

 

 

Figure 3-8 Encoder  installed on the shaftgear B 
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3.2 Crack Creation 

There are many types of gear failures with two representing the most common modes: 1) tooth 

root crack failure due to bending fatigue and possible inadequate bending strength, and 2) tooth 

pitting, also known as surface failure, due to the high amount of compressive contact stress on the 

tooth surface profile. Both fault types result in progressive damage to gear teeth and ultimately 

lead to the complete failure of the gear sets. But, the tooth root crack fault is particularly 

challenging as it is located deep inside the main transmission, suggesting it would be difficult to 

detect earlier. Also, according to the log books of the engines, tooth root crack have been reported 

more than other fault modes. Therefore, in this study, the former failure type was considered and 

investigated. However, collecting coherent gear lifetime data (healthy to failure) is a time-

consuming and tedious task from an experimental point of view. This could be overcome by 

intentionally implementing an initial crack at the gear tooth root and running the gear to failure.  

Since the starter/generator pad was equipped with a wide range loading capability, gear “C” was 

selected for defect creation and remaining useful life analysis and estimation.  The fault was 

introduced after having performed a finite element analysis (using commercially-available 

software) on the gear in order to estimate the root bending stresses and accurately determine the 

location of the maximum stress where a typical crack could initiate.  The analysis was performed 

at different linear loads and were located close to the tooth tip and tooth mid-section. Centrifugal 

forces have also been accounted for in the FEM analysis. Figure 3-9 shows the Von Mises stress 

distribution for the case of a load of 134 kN applied on the tooth tip and a speed of 3,900 rpm. All 

studied cases showed a maximum stress located in the same vicinity.  
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Figure 3-9 Stress distribution on tooth model 

3.2.1 Instrumentation 

The test facility is equipped with instrumentation allowing the measurement of the overall 

gearbox performance such as vibration, acoustic emission, temperature, pressure, power 

consumption, speed, and load. A high-speed, portable, 24 bit data acquisition system (LMS) with 

a bandwidth capability of 25.6 kHz was used to record the data. All dynamic signals (vibration 

and acoustic emission) were acquired at a sampling rate of 25,600 Hz, whereas the static 

characteristics (temperature, pressure and power) were recorded at a much lower rate. Built-in 

aliasing filter was used to avoid aliasing. The gearbox signature/condition was monitored and 

tracked using three accelerometers and two acoustic sensors mounted on the gearbox casing close 

to the defected gear location as shown in Figure 3-10. The data acquisition system is presented in 

Figure 3-11. 
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The accelerometers (two vertical and one axial) were stud-mounted on the casing. They are 

piezoelectric charge source accelerometers having a sensitivity of 9.8 mv/g and a frequency 

response range up to 12.6 kHz. Their mounted resonant frequency is 42 kHz. The vertical 

accelerometers are denoted VA1 and VA2 and the axial one will be denoted AA. Two different-

type acoustic sensors have been used: 1) a non contact air coupled ultrasonic transducer (ACUT) 

and, 2) a contact acoustic emission sensor (AE).  

The ACUT is a capacitive transducer with a thin film active element. Its frequency response range 

is up to 2.25 MHz with a 6 dB down point at the upper frequency. The sensor generates an output 

voltage proportional to any pressure wave arriving at its aperture. More details can be found in 

references [122, 123] where the transducer showed very promising results for bearing fault 

detection.  

The contact AE sensor (R3α) was attached to the casing using a silicone adhesive with a 

polyimide film backing. It features a resonant frequency of 29 kHz and an operating range of 25 

to 70 kHz at its peak sensitivity. However, the sensor can operate at lower or higher frequencies 

but with a lower sensitivity. The sensor is also characterized by a ceramic face which 

(electrically) isolates it from the structure assuring a low noise operation. Basically, the sensor 

converts the transient elastic waves generated by the release of strain energy (due to crack 

initiation/propagation) to an electrical signal. For this study, this sensor has been used in low 

frequency domain to be able to compare the output signal with vibration signals. 
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Figure 3-10 Gearbox instrumentation 

 

Figure 3-11 Data acquisition system 
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3.2.2 Damage Level 

The test campaign consisted of a number of repeated conditions to benchmark the repeatability of 

the measurements simulating the engine operation profile. Testing a healthy system to failure 

while operating under normal conditions may be a tedious task; and it can also lead to wearing 

out or simultaneously damaging different components. Diagnosing such faults is very challenging 

especially in complex systems such as gearboxes. Therefore, the approach adopted in this study 

was to create embedded faults having different sizes. Since the starter/generator pad was 

equipped with a controllable loading system (load bank), gear “C” was selected for defect 

creation. Initial defects having 0.5 mm, 1.5 mm, and 2 mm depth and 0.1 mm width (denoted as 

DE1, DE2, and DE3 respectively in Figure 3-12 were created at the gear tooth root using 

electrical discharge machining (EDM) on distinct gears. The gearbox was also tested with a 

healthy gear, which is denoted in the analysis as DE0.  

 

Figure 3-12  Test gears with different cracks at the tooth root 

3.3 Test Matrix  

The test matrix was designed in such a way to simulate a flight profile of the gearbox. Data were 

recorded at all operating conditions which consist of ramp up to take-off speed, stay at take off 
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speed for few minutes, ramp down to cruise speed, stay at cruise speed for a number of hours and 

then ramp down to stop position. The focus was put on steady-state operation (constant speed and 

load) representing the cruise and take-off speeds conditions of the gear box. These two test 

situations represent 47% and 80% of gearbox maximum speed respectively. Table 3-4 shows the 

rate of rotation at cruise and take-off speeds (denoted SP1 and SP2 respectively) for the gearbox 

and driving motor. However, this study discusses data associated with cruise operating conditions 

only (speed and load) since this represents the regime at which the gear box runs most of its 

design lifespan. Table 3-5 shows the applied load (fuel pump and generator pads) of the auxiliary 

systems at cruise and take-off speeds. The speed rates and the generator loads were provided by a 

sister laboratory possessing an aircraft equipped with CF700 engines derived from the J85 

military engines.  

Table 3-4 Gearbox rate of rotation 

Operating 

Condition 

Rotation, rpm 

Drive shaft (axis B) Motor (VFD) 

Cruise speed 

(SP1) 

3671 2050 

Take-off speed 

(SP2) 

6249 3490 
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Table 3-5 Load values for auxiliary systems attached to the gear box 

Speed 

Load at cruise speed Load  at take-off speed 

Amperage, A Voltage, V Power, W Amperage, A Voltage, V Power, W 

Generator 110/140 28 3080/3920 110/140 28 3080/3920 

Truck 

alternator 

7 14 98 100 14 1400 

 

During each test set, the gearbox was run with three normal (healthy) and one artificially 

damaged gear (gear C). Upon finishing one experiment, the faulty gear was swapped with another 

one having a different level of damage. This procedure was repeated until all four gear health 

condition-level were tested. For DE0 to DE2 gear health levels, the tests were conducted on four 

different generator load levels. The first two load conditions (denoted as LO1 and LO2)  

correspond to a typical (design) limits of the electrical load range and the last two loads, 

approximately 50% and 75%  of the lower design load amount (denoted as LO3 and LO4 

respectively), are related to  generator overloading conditions as listed in Table 3-6. 

Table 3-6 Maximum applied load on the generator during tests, different operating conditions 

Design Load 1 

LO1, A 

Design Load 2 

LO2, A 

Overload 1 

LO3, A 

Overload 2 

LO4, A 

110 140 160 179 
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For each testing day, a different loading case was done . The data were collected at time span of 

10 minutes to ensure steady state conditions throughout the testing. The rotational speed was kept 

constant at cruise speed, SP1, since this represented the regime at which the gear box ran most of 

its design lifespan. As a result there are four different operating conditions denoted as SP1LO1, 

SPlLO2, SP1LO3, and SP1LO4.  

3.4 Defect to Failure Run (DTFR)  

Defect to failure experiments were conducted in order to study the crack progression of gear C. 

One series of DTFR has been conducted on gear C set. The gear with defect size of 2 mm ,DE3,  

was ran to failure. The data test DTFR was operated for a total time of about fifty six hours 

representing ten test series (Table 3-7). For tests 1 through 7, the gearbox was run at a constant 

speed (SP1) and load (LO1) and data were recorded on a regular basis over the testing period. On 

day 7, after 3 hours of operation at LO1, the load was increased to LO2 and the data were 

recorded for the next 3 hours. On the end of the day eight, it was observed that a crack has been 

created on the body of the gear as shown in Figure 13-3a. The tests were continued for the next 2 

days for 4.5 hours when a  loud noise was heard from the gear box. The test was stopped in half 

an hour. The inspection with a boroscope showed that the defective tooth was missing, after 

which these test series were terminated. For the 3 last days (days 8, 9 and 10) the gearbox was run 

at LO2. The truck alternator load was kept constant for all test sets. Figure 3-13c and  3-13d show 

the location of the missing tooth as well as a better view of the developed radial crack. A close-up 

picture of the gear fractured area is depicted in Figure 3-13e.The figure clearly identifies the 

initial crack created at the tooth root and its propagation and development over the testing period 

(in particular the last test series). The latter shows the ductile crack propagation area due to 
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fatigue as well as the brittle gear’s fracture toughness was significantly exceeded. Generally, 

brittle crack propagation is characterized by its suddenness and smooth surface. 

Table 3-7 DTFR second set data features 

Test number Running hours Number of data files Generator load, A 

Day 1 6 30 110 

Day 2 6 30 110 

Day 3 6 30 110 

Day 4 6 30 110 

Day 5 6 30 110 

Day 6 7 35 110 

Day 7 3/3 30 110/140 

Day 8 7 35 140 

Day 9 4 25 140 

Day 10 2 25 140 

 

. 
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Figure 3-13  Test gear: a) Initial crack, b) Developed radial crack, c) Location of missing tooth, 

d) Location of missing tooth & fracture area, e) Close-up of the gear fracture area 
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Chapter 4 

Gear Fault Diagnostics 

This chapter addresses two main topics that pertain to machine condition monitoring: 1) the 

feature selection problem and, 2) feature sensitivity analysis to the operating conditions. These 

approaches have been taken along with a condition monitoring framework for utilizing all 

available information to better diagnose (with less uncertainty) faults and assess the health of 

aircraft engine gearboxes. 

This chapter, the data manipulation steps are first introduced relying on different gear fault 

detectors in accordance with the data properties. Afterwards, a feature selection method based on 

a statistical significance test is applied. Various attributes are compared for detecting faulty gears 

and a non-parametric statistical method is used as a quantitative measure of transmission quality. 

The feature pattern separability is determined by the significant difference level; and then the 

independent coefficient of the candidate feature is used to compare and rank different time and 

frequency features. An optimal feature set is then evaluated using the support vector machine 

classification by considering a monotonically increasing classification rate [124]. At the end, a 

method to analyse feature sensitivity to the fluctuation of the operating condition has been 

proposed. 

4.1 Data  Manipulation 

The available data sets covering all tested gears (DE0 to DE3) were pre-processed and a 

significant number of features (a total of 137) were extracted from the recorded signals.  
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4.1.1 Gear Fault Detectors  

A pair of rigid, perfectly involute-shaped and equally spaced meshing teeth is expected to 

transmit a uniform angular motion. However, the profile of a gear tooth is never a perfect 

involute; imperfections can vary from tooth to tooth and gear to gear. When gears transmit 

torque, the teeth elastically deform so that the stiffness at the point of contact is a time varying 

parameter. The number of teeth in contact also varies during the meshing process. All of these 

factors contribute to what is known as transmission error. Transmission error gives rise to an 

unsteady component of the total force transmitted between the meshing teeth in the direction 

normal to the tooth surface. This unsteady force component will cause a reaction in the shaft 

bearings, resulting in casing vibration and radiated sound.  

The gear mesh frequency is the product of the number of teeth on a gear and its rate of rotation. 

Initiation of tooth contacts, dynamic mesh forces, friction, air pocketing, and lubrication are all 

sources of vibration and sound at the gear mesh frequency [27].  Since gears are not perfectly 

manufactured, some vibration and sound at the gear mesh frequency and harmonics of this 

frequency are expected 
_
 a true statement even for gears in healthy condition. The concept of fault 

detectors is based on the detection of excessive or anomalous readings in sensors, including 

vibration and acoustic sensors.  

4.1.1.1 Spectrum  

Spectrum analysis is a powerful technique for gear fault detection. In the spectrum of gear 

vibration or acoustic responses, harmonics of the gear mesh frequency are expected. A pair of 

normal gears generally generates narrowband gear mesh harmonics of low amplitude, and usually 

the spectral lines are narrow band. An anomaly in a gear, for instance a crack, modulates the gear 

mesh frequency. The spectrum then contains frequency modulations as well as amplitude 
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modulations. The Fourier analysis of such a signal yields sidebands indicating the repetition rate 

of the impact around the gear mesh frequency. These spectral properties have been discussed 

extensively in the literature [33].  

The power spectral density (PSD) is the average power per Hz as a function of frequency. Power 

spectral density values for the raw data of VA1 and ACUT at idle speed for conditions 

DE0SP1LO1 and DE1SP1LO1 are shown in Figure 4-1 and Figure 4-2 respectively. Both sensors 

were positioned on top of the gear box close to the meshing gears. The fundamental gear mesh 

frequency is approximately at 2675 Hz. It can be seen that the spectra are dominated by the gear 

mesh frequency and the harmonics and the dominant component changes depending on sensor 

type and health condition. For the case of VA1, the second harmonic amplitude increases 

drastically. However, the only dominant component for ACUT is the first gear mesh frequency 

which is not sensitive to health condition of the gear.  

 

Figure 4-1 PSD of VA1 a) DE0 gear b) DE3 gear 
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Figure 4-2 PSD of ACUT a) DE0 gear b) DE3 gear 

4.1.1.2 Enveloped Signal  

The Hilbert transform is defined as the convolution of a real signal, x(t), with h(t)=1/(πt), which 

is the impulse response of a Hilbert Transform [125]. The complex signal whose real part is x(t) 

and whose imaginary part is the Hilbert transform of x(t) as  analytic signal. The magnitude of the 

analytic signal is referred to as its envelope.  

4.1.1.3 Time Synchronous Average Signal  

The time synchronous averaging (TSA) technique is another method used to reduce the 

complexity of a signal. If a signal is acquired while synchronized with the rotation of the gear of 

interest, and the ensemble average of the vibration signal is calculated with the start of each frame 

determined by the synchronizing signal, then it is found that, after many averages, any 

asynchronous vibration with the rotation of that gear tends to cancel, leaving an estimate of the 
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vibration of the gear of interest during one revolution as described in [126]. This method is 

particularly useful for gear fault diagnosis. It requires simultaneous recordings of signals and a 

tachometer signal that is synchronous with the shaft of interest. Gear defects can be more readily 

detected from the synchronously averaged time signal. All signals were time synchronously 

averaged to increase signal to noise ratio before any feature extraction was done. 

Two basic techniques for re-sampling are presented based on signal analysis in the time domain 

and the frequency domain. In the time domain an angular re-sampling technique can be used. The 

number of data points in one shaft revolution is interpolated into m number of data points; m is 

the max number of data points for one revolution available in the data set. A number of different 

interpolation techniques could be used. For the available data sets in this study, a spline 

interpolation has been applied. In spline interpolation, a curve is fitted to a cubic equation through 

the sampled data points, and an interpolated point is found that has a smooth first derivative and a 

continuous second derivative [127]. In the frequency domain TSA, the discrete Fourier transform 

(DFT) is taken for r data points between each tachometer zero crossing, then m data of each of n 

DFT are taken where m is the minimum of the value (r/2)-1. Figure 4-3 plots the two TSA 

techniques for one quarter of one revolution. The time and frequency domain representations of 

the TSA techniques are similar. Frequency domain  TSA has twice processing time than TSA 

time domain.  
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Figure 4-3 TSA developed by time domain and frequency domain 

Figure 4-4 and Figure 4-5 show the synchronously averaged time signal and its envelope for VA1 

and ACUT data records under conditions DE0SP1LO1 and DE2SP1LO1. 

It is worth mentioning that the time extends from the start to the end of one rotation cycle of the 

input gear which is 18.3 msec. Therefore, 1/4 of the one revolution is equivalent to a time space 

of  4.6 msec for these data sets. 
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Figure 4-4 TSA signal and its envelope for DE0SP1LO1: a) VA1, b) ACUT 

 

Figure 4-5 TSA signal and its envelope for DE2SP2LO2: a) VA1, b) ACUT 
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4.1.1.4 Order Spectrum  

The spectrum of the TSA is generally plotted with multiples of the shaft frequency as the 

reference, resulting in a spectrum where 1 corresponds to the shaft rate of rotation and Nteeth 

corresponds to the fundamental gear mesh frequency. Such spectra are referred to as order 

spectra, because the frequency axis is in terms of orders of the shaft rate of rotation. Figure 4-6 

depicts TSA order spectra of the different sensors recorded during the seeded fault test at idle 

speed. The spectra illustrate the presence of harmonics at the first, second, and third gear mesh 

frequencies. It can be seen that the dominant mesh frequency and number of harmonics differ for 

different sensors. Note that the defective gear has 54 teeth, so that the gear mesh orders are at 

orders 54, 108, 162, and 216.  

 

Figure 4-6 TSA order spectra: a) VA1, b) AA, c) ACUT, d) AE 
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4.1.1.5 Band Passed TSA 

Widely used gear defect detectors are calculated from band passed versions of the TSA. The band 

passed TSA is generally obtained by calculating the complex Fourier transform of the TSA, 

setting to 0 all components except those in the frequency band of interest, and then inverse 

Fourier transforming. The TSA of AV1 and ACUT for DE3SP1LO1 data set band passed around 

the 1
st
 gear mesh orders are shown in Figure 4-7. A bandwidth of 4 orders centered at the selected 

gear mesh order (54) was applied.  

 

Figure 4-7 Band passed TSA and corresponding envelope for DE3SP1LO1 a) AV1 b) ACUT 

4.1.2 Gear Fault Features  

There are over twenty features reported in the literature for gearbox condition monitoring, 

depending on the application. These features are usually derived from vibration signals. For this 

study, the features are extracted from both vibration and acoustic signals to obtain a broader 

subset for fault severity identification. Features derived from the time domain are used most 

frequently in gearbox diagnosis [128]. They include mean value, standard deviation (Std), 
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Kurtosis Value (K), Skewness (SK), Peak-to-peak Value (P2P), Peak-to-Mean Value (P2M), 

Impulse factor, shape factor, clearance factor, and Energy Ratio (ER). There are many other 

traditional statistical feature parameters for damage detection in gearbox condition monitoring, 

such as NA4, FM4, M6A, M8A, M6A*, M8A*, FM0, side-band index, SLF, NB4 enveloped 

TSA signal, and NB4 enveloped filtered TSA signal [32]. Other types of feature parameters based 

on statistical measures of frequency spectrum of the acquired signal are widely used to detect and 

diagnose faults, such as maximum amplitude frequency (MAF), maximum frequency (MF), 

frequency centre (FC), and standard deviation frequency (STDF) [129]. The operating condition 

parameters, including the input power and average speed, were also included, which brings the 

total number of features considered in the present analysis to 137.   

Table 4-1 summarizes the features including 8 time domain features and 18 frequency domain 

features. Five types of signals are used to calculate the features: raw signals, residual signals, 

difference signals, enveloped signals, and band-passed mesh signals. Difference signal denotes 

the raw signal excluding mesh frequencies components and two sidebands, a residual signal  is 

similar to difference signal but has the  order sidebands included, an enveloped signal denotes the 

magnitude of the analytic signal. Band-pass mesh signal which is obtained using a band-pass 

filtering around the first meshing component. The raw, difference, residual, and enveloped signals 

are represented by x(t), d(t), r(t), and e(t), t = 1, 2, . . . , T, respectively, where T is the number of 

data points in the data series. xm(t), rm(t) and dm(t) represent the raw, residual and difference of the 

mth time record, respectively.  m represents the total number of time records corresponding to 

healthy conditions of the gearbox. 

 To calculate the energy factor, the raw signal is obtained piecewise. For the non-endpoints, 

energy factor  is obtained by the absolute value of the squared x(t) subtracted by the product of 
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the data points of x(t − 1) and x(t + 1). For the endpoints, x(t + 1) is swapped by x(1) which 

implies . X(k) represents the kth measurement of the frequency spectrum of x(t). f(k) represents 

the frequency value for the kth spectrum line. k = 1, 2, . . . ,K. 

4.2 Analysis Methodology  

Figure 4-8 shows the flowchart of the analysis procedure. Data are collected from different 

sources under different health conditions, with the faulty gears at different severity levels as 

described in chapter three. The data set was then split into a subset for training and a subset for 

testing of the developed feature selection algorithm. The features F are extracted from the data 

based on their pattern separability and the non-correlation values. The feature subset selection 

performs in a forward-elimination scheme using the ordered feature set obtained through the 

algorithm. The method has already been applied in cancer diagnosis [130]. The author is not 

aware of any prior study that uses non-parametric-non-correlation method to select and compare 

features of different sensors for gear fault diagnosis. 
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Table 4-1 Equations of the various time and frequency domain features 

order Feature Definition order Feature Definition 

Fr1 Mean value ,µ 
 

 
     

 

   

 Fr14 FM4 
 
 
          

  
   

 
 
 
          

  
    

  

Fr2 

Standard 

Deviation, Std 
 
           

   

 
 

Fr15 M6A 
 
 
          

  
   

 
 
 
          

  
    

  

Fr3 Kurtosis 
 
 
           

   

   
 

 

Fr16 

 

M8A 
 
 
          

  
   

 
 
 
          

  
    

  

Fr4 Skewness, SK 
 
 
           

   

   
 

 
Fr17 NB4 

 
 
          

  
   

 
 
 
           

  
    

  

Fr5 Peak to peak, P2P 

 

Max(x(t))-Min(x(t)) 

Fr18 NA4* 
 
 
          

  
   

 
 
 

   
   

 
 
             

     
  

Fr6 

Peak to mean, 

P2M 

   

   
 Fr19 M6A* 

 
 
          

  
   

 
 
 

   
   

 
 
           

   
     

  

Fr7 Impulse factor 
         

            
 Fr20 M8A* 

 
 
          

  
   

 
 
 

   
   

 
 
           

   
     

  

Fr8 Shape factor 
         

            
 Fr21 NB4* 

 
 
          

  
   

 
 
 

   
   

 
 
            

  
     

  

Fr9 
Max Amp. 

Frequency, MAF 

Max (X(k)) Fr22 FM0    
      

   

 

Fr10 

Mean Frequency, 

MF 

 

 
     

 

   

 Fr23 

Energy 

Factor 

 
 
            

  
   

 
 
 
            

  
    

  

Fr11 

Frequency Center, 

FC 

 
 
              

   

 
 
      

   

 Fr24 

Sideband  

level 

Factor 

   
      

   

 

Fr12 

Frequency 

Standard 

Deviation, STDF 

 
 
            

        
   

 
 
      

   

 
Fr25 SLF 

      
   

   
 

Fr13 NA4 

 
 
          

  
   

 
 
 
          

  
    

  Fr26 

Peak to 

mean_env 

                   

  
 

   Fr27 
Clearance 

Value 
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Figure 4-8 Feature selection algorithm 

4.2.1   Feature Pattern Separability Level  

The feature selection is based on significance importance values and independency of the 

features. The statistic is usually assumed to follow a certain probability distribution for the given 

machine data set. The normal distribution is commonly adopted. Some machine time-domain 

features track normal distributions when they are healthy [131]; however, these features are 

usually auto-correlated and do not meet the requirement of being identically and independently 

distributed data. In addition, there are extracted features in the frequency domain. The 
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contravention of the assumed normal distribution can lead to false conclusions; therefore, it is 

more suitable to consider gear data as non-normal distributed. If the data has non-normal 

distribution, the approximate Z statistic as pattern separability value based on the Mann-Whitney 

test can be used to measure the difference between two healthy states [132]: 

 

   
                

        
              

 

where si represents  the sum of all the ranks in the class that has samples with lower number  on 

feature i, E(si) is the expected value of the rank sum, 

 

       
               

 
 

 

d1i and d2i  are the data with fewer samples and greater number of samples, respectively. 

The variance of the sum of the ranks of data (if there are no ties) is represented by the following 

equation: 

        
                 

  
 

 

In the case in which there are ties in the data, Var (si) is calculated as follows: 
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where kj refers to the number of observations with the same value in the jth tied group with m 

being the number of tie groups. 

4.2.2 Features  Non-Correlation Level  

Based on the non-normality distribution data, Spearman rank correlation can be used to measure 

the correlation between the selected features, as follows [132]: 

 

         
           

  
   

       
 

 

where raj and rbj are the rank values of features fra and frb and instance j, respectively, and  n is the 

total number of Fraj and Frbj. The independency level between two features in one defect severity 

is calculated as Ind_Labc: 

          
           

 
 

        

where a and b are indexes of two features fra and frb  and c is  the fault severity level. The overall 

independency between features fra and frb over all fault severities can be estimated by the mean of 

the independency in every level, 0≤ Ind_Labc≤1.  

4.2.3 Feature Ranking  

To identify the potential feature candidates, a discriminative parameter is introduced as the 

product of the pattern separability value between (or among) classes and the non-correlation level 

(Ind_L) between the candidate feature and the features selected before has been introduced. The 

discriminative parameter of a candidate feature can be considered as the part of the pattern 
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recognition improvement procedure when the candidate feature is added to the new feature 

subset. The non-correlation level can be considered as the weight of pattern separability value 

during a selection procedure. If Ind_L equals one, i.e., the feature is completely not correlated 

with the features selected before, therefore the feature discriminative parameter will be equal to 

the pattern seperability value. When Ind_L equals zero, i.e., the feature can be calculated from the 

selected features, thus the feature discriminative parameter will be zero. This feature will not 

contribute to the pattern recognition procedure even if the feature pattern separability is high. 

Feature ranking using a non-parametric-non-correlation method is a statistical way to choose the 

optimal distinguishable features associated with gear box signals, possibly in an optimal time and 

cost frame as well. The method seeks to find a set S that is a subset of the set X containing all the 

features. The algorithm for ranking between two gear fault severities can be summarized as 

follows: 

1. From the data, find Zi ,section 4.2.1, between each gear health status and the rest.   

2. Set S={}, D=X. 

3. Append the i
th
 element of F to S corresponding to the maximum Zi, i.e., Si={S, Fi}. 

4. While D is not an empty set:   

a. Estimate the independency degree between Si and X-Si elements. 

b. Select the element with the maximum convolution of independency and significant 

importance values as a discriminative parameter. 

c. Append the element to S and remove it from F. 

5. END While 

6. The final set S is the ordered feature set. 
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4.2.4 Feature Selection 

After feature ranking, the next step is feature selection, which extracts an optimal subset from the 

sorted feature set S acquired in the feature ranking step. This stage aims at extracting an optimal 

subset Sopt from the already sorted feature set S.  

If c denotes the gear health/defect severity level, for each j, 1≤ j ≤c, the proposed feature ranking 

that separates the j
th
 fault class from the rest is applied based on the feature set X. All the 

candidate features are ranked based on the proposed feature selection algorithm, from which c 

ranked lists of features are obtained. Each ranked list corresponds to one of the defect severity 

levels in an ascending order.  

The ultimate goal is to determine features that are most informative in discriminating one defect 

level from the rest even if they are quite uninformative in other classes. Therefore, a least 

significant digit radix sort algorithm has then been used to sort all the ranking vectors, which 

leads to an overall ranking of the features. Then, the optimization measure can be applied to 

achieve the best classification accuracy using as few features as possible. Classification accuracy  

is defined as the ratio of the number of cases that are correctly classified over the total number of 

applied sample data. Test data are used to train SVM, and its classification accuracy is the 

measure of the classification. The algorithm for this is as follows: 

1. Start with i=1 and  Si=S(1) 

2. Train a SVM using Si and estimate classification accuracy, ai. 

3. If Si=S go to step 5, else maintain. 

4. Augment Si to Si+1 and go to step 2. 

5. Find Sopt according to acceptable accuracy, ai. 
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There is another step toward feature subset improvement which will be described in section 4.4 

along with the performance results. 

4.3 Mutual Information Theory 

Several approaches to the feature selection problem using information theoretical criteria have 

been proposed [133]. Many rely on empirical estimates of the mutual information between each 

feature, xi, and the target, y: 

 

           

 

 

 

  

      
       

         
     

 

where p(xi) and p(y) are the probability densities of xi and y, and p(xi, y) is the joint density. The 

criterion I(i) is an estimate of dependency between the density of feature xi and the density of the 

target y. However, in order to estimate the mutual information between a set of features and a 

target, one needs to calculate p(xi) , p(y), and p(xi, y) which is a tedious task and often inaccurate . 

The case of discrete or nominal variables is probably easiest because the integral becomes a sum: 

 

         

   

            
             

             
 

 

The probabilities are then estimated from frequency counts. For example, in a four-class 

problem, if a variable takes four values, then P(Y = y) represents the class prior probabilities (four 

frequency counts), P(X = xi) represents the distribution of the feature (four frequency counts), and 
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P(X = xi, Y = y) is the probability of the joint observations (16 frequency counts). The estimation 

obviously becomes harder with larger numbers of classes and features.  

The mutual information feature selection method is applied to the same gear data set for 

comparison. 

4.4 Support Vector Machine (SVM) 

SVM is a state-of-art technique for classification. It has been applied to many applications 

because of its demonstrated higher accuracy and computational advantages over other techniques. 

SVM is a learning system that uses a hypothetical space of linear functions in a high dimensional 

feature space, trained with a learning algorithm from optimization theory that implements a 

learning bias derived from statistical learning theory.  

The technique works as follows. Consider a set of points that are presented in a high-dimensional 

space such that each point belongs to one of two classes. An SVM computes a hyper-plane that 

maximizes the margin separating the two classes of samples. The optimal hyper-plane is called 

decision boundary. 

Formally, let x1,x2,...,xn and y1,y2,...,yn denote n training samples and their corresponding class 

labels respectively. Let           denote labels of two classes. The decision boundary of a 

linear classifier can be written as w
T
·x+b=0 where w and b are parameters of the model.  

By rescaling the parameters w and b, the margin d can be written as   
 

    
 [134]. The learning 

task in SVM can be formalized as the following constrained optimization problem: 
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subject to yi(w·xi+b)≥1,i=1,2,...,n. 

Figure 4-9 illustrates a linearly separable classification problem in a two-dimensional space. In 

this Figure, all triangles are labeled −1 while all circles are labeled +1. The solid circles and the 

solid triangles are called support vectors. The two dashed lines represent two parallel planes 

where one crosses all solid triangles and the other crosses all solid circles. These two parallel 

planes are called boundaries. The distance between the boundaries is called the margin. 

 

 

Figure 4-9 Separable classification problem in binary SVM 

The dual version of the above problem corresponds to finding a solution to the following 

quadratic program: 

Maximize J over αi: 
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subject to           
 
     , where    is a real number. 

The decision boundary can then be constructed from the solutions    to the quadratic problem. 

The resulting decision function of a new sample z is 

 

           

 

with             and      -w.xi>. Usually many of the    are zero. The training samples  

xi with non-zero αi are called support vectors. The weight vector w is a linear combination of 

support vectors. The bias value b is an average over support vectors. The class label of z is 

obtained by considering the sign of D(z). 

Standard SVM methods find a linear decision boundary based on the training examples. They 

compute the similarity between sample xi and xj using the inner product xi
T 

xj . However, the 

simple inner product does not always measure the similarity effectively for all applications. For 

some applications, a non-linear decision boundary is more effective for classification. The basic 

SVM method can then be extended by transforming the samples to a higher dimensional space 

via a mapping function Φ. By doing this, a linear decision boundary can be found in the 

transformed space if a proper function Φ is used. However, the mapping function Φ is often hard 

to construct. The computation in the transformed space can be expensive because of its high 

dimensionality. A kernel function can be used to overcome this limitation. A kernel function is 

defined as K(xi,xj)=Φ(xi)
T
 Φ(xj) where xi and xj denote the ith and jth sample respectively. It really 
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computes the similarity between xi and xj. With the help of kernel function, an explicit form of the 

mapping function Φ is not required. 

4.4.1 Multi-Class Support Vector Machine Classification   

The problem of multiclass classification, especially for systems like SVM does not have an easy 

solution. It is believed that constructing N class SVMs is still an unsolved research problem. The 

standard method for N class SVMs is to construct N SVMs [90]. The ith SVM will be trained 

with all of the examples in the ith class with positive labels, and all other examples with negative 

labels. This method is called one versus all. In this method, the final output of the N SVMs is the 

class that corresponds to the SVM with the highest output. The training time of the standard 

method scales linearly with the number of available classes. Another method for constructing N 

class classifiers from SVMs is derived from previous research into combining two-class 

classifiers. This means all possible two-class classifiers from a training set of N classes, each 

classifier being trained on only two out of N classes. There would thus be N(N-1)/2 classifiers. 

When applied to SVMs, it is referred as one versus one. However, the disadvantage of this  

approach is that, unless the individual classifiers are carefully regularized, the overall N class 

classifier system will tend to over-fit. Also, the size of the classifier may grow linearly with N, 

which can lead to a slow evaluation on large problems [90]. 

Directed Acyclic Graph SVM (DAGSVM) is the method that has been used in this study and 

applied to the available gear data. Basically, it is used to combine many two-class classifiers into 

a multiclass classifier. For a N class problem, the DAG contain N(N-1)/2 classifiers, one for each 

pair of classes. The resulting bound on the test error depends on N and on the margin achieved at 

the nodes, but not on the dimension of the space. The DAG is equivalent to operating on a list, 

where each node eliminates one class from the list. The list is initialized with a list of all classes. 
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A test point is evaluated against the decision node that corresponds to the first and last elements 

of the list. If the node prefers one of the two classes, the other class is eliminated from the list, 

and the DAG proceeds to test the first and last elements of the new list. The DAG terminates 

when only one class remains in the list. Thus, for a problem with N classes, N-1 decision nodes 

will be evaluated in order to derive an answer. The DAGSVM is faster to apply than either the 

standard algorithm or Max Wins, while maintaining comparable accuracy to both of these 

algorithms. Figure 4-10 shows the DAG evolution analysis path for a four-class classification 

[135]. 

 

 

Figure 4-10 DAG evolution analysis path for a four-class classification 
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4.4.2 Cross Validation  

Cross validation (CV) is a technique for evaluating how the classification results can be 

generalized over the data bank. There are three popular cross-validation methods: K-fold cross 

validation, Leave-one-out cross validation, and Random subsampling validation. They provide an 

average value for classification measure to either determine SVM model parameters or evaluate 

classification performance. It is assumed that sufficient data are available, so the CV methods are 

working with the original dataset. For this study, K-fold cross validation (KFCV) has been 

applied on the data. KFCV splits original training data into K disjoint subsets. In each iteration,  

K −1 folds are used in the training dataset and the remaining one in the test dataset. Next, the 

SVM model is trained and its classification measure is computed. This process is repeated until 

all subsets have been used once for the test dataset. The average value for the classification 

measure for K  iterations is then computed for output. The output from different runs of KFCV is 

usually different, because samples are randomly selected for different folds in each run. Usually, 

cross-validation methods are incorporated into the training process to help determine model 

parameters (Figure 4-11). These methods need multiple pairs of training datasets and test datasets 

to calculate the values for the classification measure like the accuracy. The average is output for 

determining the SVM model. Once the number of data points is limited, this average value can 

also be used directly to represent classification performance. 
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Figure 4-11 Data partition and cross validation, Support Vector Accuracy (SVA) 

4.5 Application   

In accordance with chapter three, a total of 137 features (27 features × 5 sensors + 2 operating 

conditions) were input to the proposed feature ranking algorithm. Every 27 feature-set is 

associated with a separate sensor (VA1, VA2, AA, ACUT, and AE respectively). There are four 

conditions of load and speed, hence there are four classification problems to be addressed. Since 

four damage levels are involved, each of the four problems is a four-class classification problem. 

The multi-class model of the proposed algorithm for feature selection is applied to the data. 

4.5.1 Gear Fault Feature Ranking and Selection  

Damage severity estimation consists of two stages: damage detection and damage level 

identification. Therefore, two different categories have been considered for this study: 1) incipient 

gear fault, if the gear is healthy or defective, data associated with DE0 and DE1 are the input to 
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the algorithm. 2) multi-class gear fault, data associated with DE0 to DE3 have been considered 

for the study. 

4.5.1.1 Incipient Gear Fault  

Table 4-2 shows the ordered feature sets for the first 15 features, which can distinguish the 

differences between healthy and defective gears. It represents the rank of feature, feature, 

associated sensor, z value, independency value, and the discriminative parameter and uncorrelated 

level on the first 15 most significant features ranked by the algorithm. The first feature, Std of 

VA2, has the maximum z estimate in feature subset. The second feature, FC of AA, has smaller z 

value than the first feature; however, the second feature has smaller z value than the third ranked 

feature, PR of AA, since bigger independency value between the third feature and already-

selected features result in a bigger discriminative parameter. 

The pattern separability of every feature in the original data set is estimated by the significant 

difference between the classes. As an example, Figure 4-12 and Figure 4-13 plot the distributions 

of intensity of the features with the maximum and minimum pattern separatibility level 

respectively. The x-axis represents the intensity of the spectrum whereas the y-axis represents the 

number of samples in the data set. Std of VA2 (Figure 4-12) has the maximum z statistic in the all 

original features, thus it has the best pattern separability. In contrast, the skewness of AE (Figure 

4-13) has the minimum z statistic in the all original features, thus it has poorest pattern 

separability level. It can be observed that the patterns of defect free gear and faulty gear overlap 

and are almost pattern inseparable.   
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Table 4-2 The first 15 ranked features for incipient gear fault detection based on non-parametric         

independency algorithm 

Rank Feature Sensor 

Z            

Value 

Independency 

Value 

Discriminative 

Parameter 

1 Std VA2 12.9681 1 12.9681 

2 FC AA 12.9004 0.9992 12.911 

3 ER VA2 12.9680 0.9942 12.893 

4 Impulse VA1 12.8712 0.9997 12.8673 

5 M8A* VA2 12.9680 0.9918 12.8621 

6 SK VA1 12.9527 0.9867 12.7808 

7 M6A* VA2 12.967 0.9839 12.7577 

8 NB4_ENV VA1 12.9619 0.9788 12.6876 

9 M6A VA2 12.968 0.9779 12.6820 

10 SideBand VA2 12.9675 0.9752 12.6461 

11 M6A* AA 12.9312 0.9767 12.63 

12 P2M_TSA AE 12.59 0.9992 12.5801 

13 M8A* AA 12.8927 0.9750 12.5702 

14 P2M_ENV AA 12.7728 0.9831 12.5569 

15 

Max_Amp

_Freq. 

VA2 12.9600 0.9631 12.4812 
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Figure 4-12 Distribution histogram of the feature with most significant difference between 

healthy gear and incipient defective gear. The feature has best pattern separability a) DE0, b)DE1 

4.5.1.2 Multi-class Gear Fault 

Table 4-3 shows the overall feature ranking for the available gear data, after radix ranking among 

features associated with DE0 to DE3 status. The ranking shows that in this set of experiments the 

acoustic sensors generally play more of a role in distinguishing one gear condition from another. 

P2M and NB4 values of the enveloped signals of AE ended up higher inTable 4-3. Speed and load 

stand for the second and fourth ranks respectively. As the data have been collected at different 

times and different days, it is worth mentioning that there are some experimental uncertainties. 

Parameters such as oil and environment temperatures led to some variations in speed and load.  
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Figure 4-13 Distribution histogram of the feature with least significant difference between 

            healthy gear and incipient defective gear. a) DE0, b) DE1 
 

The speed and load can thus contain useful information, and attention should be placed on 

measuring these variables as functions of time as accurately as possible. It should be noted that 

even though the AE features and operating condition parameters have higher class-distinguishing 

content, in this set of experiments they are not sufficient by themselves for diagnostic 

classification.  
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Table 4-3 The first overall 15 ranked features for multi-class gear fault detection based on non- 

parametric independency algorithm 

Rank Feature Sensor 

1 P2M_Env AE 

2 Speed - 

3 NB4_Env AE 

4 Load - 

5 P2M_Env AA 

6 FM0 AA 

7 ER VA2 

8 MeanValue VA1 

9 M8A AE 

10 NA4 ACUT 

11 M8A* ACUT 

12 Sideband VA1 

13 M8A* VA2 

14 M6A* AA 

15 NB4_Filt VA2 

 

4.6 Performance 

In order to verify the results obtained using the proposed gear fault feature rank algorithm and 

obtain an optimal subset for classification, the DAGSVM has been used for the classification of 
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the four–fault class data (DE0 to DE3) at cruise speed and different load. All other parameters of 

SVM were part of the software package and existing literature [135].  

To put emphasis on the feature ranking subject, the linear kernel has been selected for this study. 

A 5-fold cross validation is used. For each fold, the feature selection algorithm was applied over 

the training data set. For each group of features, a classifier was trained on the training examples 

with only the selected features. The predictive accuracy of this classifier is determined using the 

test data, set aside by cross validation, with the same set of features. These steps are repeated for 

each of the 5-folds to compute the average accuracy. The mean accuracy of the 5 DAGSVM runs 

was reported. The mutual information feature selection method was also applied in the same data 

set for comparison. It should be mentioned that the data are scaled before classification stage. 

Scaling the data, the relative importance of each feature to the classification task is equal. 

Because no engineering judgment can be made concerning the physical characteristics of the 

system, weighting each input equally is a reasonable approach. The inputs can be scaled with 

respect to several measures, including the standard deviation, the input range, vector length, etc. 

Figure 4-14 compares the results of the statistical proposed method and the mutual information 

method for SP1LO1 operating condition. In this figure, the x-coordinate represents the 

consecutive number of features from the ordered feature set used, and the y-coordinate represents 

the corresponding accuracy. For example, when x=20 the first 20 features from the overall ranked 

features were used as inputs to DAGSVM, which classified the test data at a rate of 95.7% 

accuracy. The dash-dotted line represents the accuracy in classifying the data from a system using 

the proposed algorithm. The dotted line represents the accuracy in classifying the data using 

mutual information. The dashed line represent the accuracy in pattern recognition by randomly 

feature ranking. The accuracy of classification steeply increases to a certain point; and has a sharp 
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decrease around feature number 8 or 9. The classification accuracy then flattens out when the 37
th

 

feature is reached, representing the point at which almost over-fitting occurs. The results show 

that, even when the number of features is less than 6, the proposed method performs slightly 

better than mutual information. However, when the number of features is more than 6, the 

proposed method outperforms mutual information in almost all cases.  A reason for that can be 

feature selection method based on mutual information calculates the correlation directly between 

feature and associated class, while the proposed method computes the feature pattern separability 

based on the statistical significant difference among classes. For a small number of features, 

correlation between feature and associated class can express the pattern. By increasing the 

number of the features, the presence of noise increases considerably which is why  in this case the 

statistical characteristics is a more precise and powerful method. Random feature selection has 

the poorest performance.  

It can be concluded that with the current system and data, to detect gear defect severity, the 

optimum feature group based on proposed feature selection method consists of the first 11 

features, while for the mutual information method the optimum set is the first 27 features. The 

optimum number of features is guaranteed to avoid over-fitting.  

It is believed that using this approach provides a combination of features that have better 

predictive power than mutual information. The elapsed time of running the mutual information 

algorithm is almost twice the proposed approach algorithm elapsed time on the same 

microcomputer.  Since the results are based on a data-driven technique, the relevance of the 

features for fault classification may be different for other types of systems with other datasets. 
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Figure 4-14 Classification performance for gear fault severity, SP1LO1 

The confusion matrices for classification using the optimal feature set for incipient fault detection 

and multi-class fault detection are shown inTable 4-4and Table 4-5  respectively.  In the first case 

(refer to Table 4-4), using  the test data set, the algorithm correctly classified a healthy system 

with an accuracy of 94.3% and a system with a faulty system with an accuracy of 97.9%, and the 

overall accuracy of the algorithm was 96.1%. Further, the excellent performance was achieved in 

almost all the trial runs with the variance of performance of 5.7% for detecting a defect-free gear 

and at 2.1% for detecting a gear with defect. 

A similar performance was observed even in detecting gears in multi-class fault problem. In this 

second case (please refer to Table 4-5), the accuracy of a classification of a defect-free system 

was 100%, the accuracies for a system with a fault size of DE1 ,DE2, and DE3 were 86.7%, 

100%, and 93.3% respectively. The overall performance was 95%. The variance was 0 %, 13.4%, 

0%, and 6.7% for a system with defect free, DE1, DE2, and DE3  respectively. These results are 

excellent for both the cases. 
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Table 4-4 Confusion matrix using optimal set: Incipient defect, SP1LO1 

Health 

Status 

Healthy Defective Data 

Healthy 94.3% 5.7% Test data set 

Defective 2.1% 97.9% Test data set 

  

Table 4-5 Confusion matrix using optimal set: Multi-class defect, SP1LO1 

Fault 

Severity 

DE0 DE1 DE2 DE3 Data 

DE0 100% 0 0 0 Test data set 

DE1 0 86.7% 6.7% 6.7% Test data set 

DE2 0 0 100% 0 Test data set 

DE3 0 6.7% 0 93.3% Test data set 

 

The selected feature subset usually includes some irrelevant features, thus the performance curve 

does not increase perfectly monotonically. In most of the cases, the performance curve increases 

at first by number of feature increasing. However, after reaching almost reasonable accuracy 

point, it then tends to reduce which the reason can be the increase of presence of noise. The curve 

increases monotonically up to one point and then decreases with some number of the features. If 

the features that do not contribute to the classification accuracy are removed from the feature 

subset, then maximum accuracy with the minimum size of feature subset can be reached. In other 

words,                   for the entire feature cases which make the performance curve grow 

monotonically while the minimum subset of features can be obtained. 
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Figure 4-15 Classification performance for gear fault severity , SP1LO2 

Figure 4-15 shows the accuracy rate obtained by the different size of feature subset for gear fault 

severity for operating condition SP1LO2.  One can see that the classification performance of the 

feature subset selected by the proposed feature selection is much better than that of the feature 

subset selected by mutual information method. In this Figure, the classification accuracy curve is 

not monotonically increasing as well as in Figure 4-14. Thus, the number of feature selection by 

removing the irrelevant features strategy can be optimized to achieve a better performance.  

Table 4-6 also shows that the number of selected features is different based on the analysis 

method. It decreases in order with mutual information method, the proposed method, and the 

optimized one respectively. 
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Table 4-6 The Number of Features at 97% classification accuracy on gear fault severity at 

operating condition SP1LO2 

 

 

 

 

 

Figure 4-16 and Figure 4-17 show the results of gear fault severity classification by DAGSVM 

for SP1LO3 and SP1LO4 respectively with different number of feature subsets. As depicted in 

both cases, the proposed method achieves better performance than mutual information method. 

 

Figure 4-16 Classification performance for gear fault severity , SP1LO3 
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Figure 4-17  Classification performance for gear fault severity , SP1LO4 

Table 4-7 lists the best accuracy, before reaching over-fitting, obtained by the feature subsets 

determined by the DAGSVM classifier. 

Table 4-7 Best rate of classification and the number of features on pattern recognition of gear 

fault severity for SP1LO3 and SP1LO4 

Operating 

condition 
SP1LO3 SP1LO4 

Feature 

Selection 

Method 

Maximum 

rate of 

accuracy 

Minimum 

number of 

features 

Maximum 

rate of 

accuracy 

Minimum 

number of 

features 

Proposed 

method 
97.25% 61 95.11% 31 

Mutual 

information 

method 

 

98.43% 

 

16 

 

98.11% 

 

26 
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4.7 Load Stability of the Features 

The available gear data were collected at different load conditions but constant speed. But, as the 

data have been collected at different periods of the day and different days, it is worth mentioning 

that there are some experimental uncertainties. Parameters such as oil and environment 

temperatures led to some variations in speed  as well even during a day of testing. Figure 4-18 

shows the relationship between speed and load at different load condition for a defect-free 

gearbox. Each test has been conducted in a separate full day. The speed was held at idle for each 

test condition. There is a speed drop of less than 1% for each data condition. But by load increase, 

there is about 3% of speed drop. Since the speed changes almost linearly with the load, only the 

load will be considered as the controlling parameter on the operating condition changes. 

Vibration and acoustic features could change by varying operating conditions. In order to be able 

to examine the stability of feature fault recognition as the load changes, a load stability metric is 

defined. The load stability metric identifies whether the feature has the same classification 

performance in different operation conditions. The optimum goal is to determine the features 

which have the fault detectability potential at different operating conditions. 
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Figure 4-18  Variation of load and speed for different operating conditions, fault-free gearbox 

Load stability metric is calculated as the deviation of the classification discriminative parameter 

values for each defect size class, divided by the mean of the parameters. This is exponentially 

weighted to give the desired zero to one scale: 
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where DPi is the discriminative parameter value obtained in section 4.2. and  m is number of gear 

fault severity classes. Because there is no prior knowledge of setting the threshold, the 

exponential weighting is used to scale zero to one as a selection criterion.  

This measure supports well‐clustered discriminative parameter value at different operating 

conditions, i.e. small standard deviation of discriminative value, and large range. The DPi values 

for the good feature are very well clustered, following a wide range; the metric is 0.98. The DP 

values of the population of bad feature cover a wide range of values; this parameter has load 

sensitivity of only 0.21. 

To examine the load sensitivity of the features for incipient gear fault detection case, the already-

selected features based on  Table 4-2 which have the detectability potential for the system at the 

design load, LO1 have been considered. The values of L_Si feature parameters are shown in 

Figure 4-19.  Axis x and axis y represent the ordered features in Table 4-2 and corresponding 

L_Si respectively. The median is set as the threshold. Feature parameters #1, #3, #4, #6, #8, #10, 

#13, and #15 are above corresponding threshold and can be selected as the stable detective 

features for gear fault incipient. To verify the metric, Figure 4-19 shows features #6 and #2 as a 

well-stable feature and an unstable feature respectively. Both features have reasonable 

discriminative parameters at SPlLO1 condition; but feature #2 is not stable for higher load 

condition. In contrast, feature #6 performs well when there is variability in load during different 

steady state operating conditions.    
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Figure 4-19 Feature parameters L_Si, incipient fault detection 

 

Figure 4-20 Features comparison at different operating condition, a) Feature#6 b) Feature #2   
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 In a case of gear fault severity detection, the already selected features based on Table 4-3 which 

have the delectability potential for the system at the design load, LO1 have been considered. The 

values of L_Si feature parameters are shown in Figure 4-21. Only feature parameters #9, #10 and 

#14 are above median threshold and can selected as the stable detective features for gear fault 

incipient. It should be mentioned that since the data are not available for DE3SP1LO4, only the 

three operating condition of SP1LO1, SP1LO2 and SP1LO3 have been considered for this load 

stability analysis. 

 

Figure 4-21 Feature parameters L_Si, fault severity detection 

4.8 Summary 

A novel non-parametric independency method was used for detecting and classifying fault 

severity.  Most of the basic features for gear fault diagnostics (in time domain and frequency) 

were extracted and ranked for five different sensors. The utility of the proposed approach has 
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artificially induced gear crack faults. The feature ordering provided many clear perceptions into 

the system. The results show that vibration features outperform the acoustic sensors and operating 

condition for incipient fault detection, while for fault severity acoustic sensors (especially AE) 

along with speed and load are more important features for multi-classification. The ranking 

process showed that the features by themselves were not capable of providing an acceptable fault 

classification; and other ranked features have to be added to the procedure. DAGSVM was used 

to determine the optimum feature subset. The criterion was the mean minimum classification 

error using 5-fold cross validation. The method was compared with the mutual information 

feature-ranking method. The results suggest that the proposed method performs better than 

mutual information for gear fault severity classification. 

To examine the stability of the feature  detectability  at the different operating conditions, load  

stability metric was defined based on feature associated discriminative parameter. By formalizing 

this  metric  so that the suitability of a candidate  stable feature at different operating conditions  

can be quantified. The metric was used to identify the stable features for gear fault incipient 

condition as well as fault severity condition. 
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Chapter 5 

Gear Life Prognostics 

 

Many algorithms have been proposed and developed to estimate machinery prognosis as 

discussed in chapter two. However, there is no straightforward technique and a lot of 

complications can interface with validating a predictive model depending on the adopted 

approach to tackle such a subject. 

The main objective of this chapter is to develop a preliminary gearbox life prediction model. The 

first step is based on the identification of the appropriate features for gearbox prognostic 

purposes. Then, a combined feature trending the gear life is presented. For this work, the method 

of extrapolation of a trending prognostic feature [115] to the pre‐defined failure threshold has 

been applied. This method is described in detail in the following sections. In addition, a 

discussion on the main requirements for prognostic feature selection is given. Finally a detailed 

description of an automated method for identifying the optimal parameter is presented and 

implemented. 

5.1 Degradation Path Analysis for Prognosis 

Lu and Meeker [115] proposed degradation path modeling by analysis of failure progression. 

Usually methods of RUL estimation use failure times recorded during normal use to estimate a 

time of failure distribution of the same components. Whereas degradation modeling uses 

prognostic features to estimate the time of the failure, the use of measurements allows for the 

direct sensed data, which provides additional information on the component. 
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Degradation analysis begins with some assumption of an underlying functional form of the 

degradation path for a specific fault mode. The degradation of the component in a system at time 

tj is given by:  

                 

 

where g is a vector of fixed effects on the component, k is a vector of random effects for the ith 

component, and εi is the standard measurement error term. According to Lu and Meeker [115]  

degradation data must be describable by a function,  f; it can be from mathematical models or 

from the experimental data. In addition, historical degradation data from the component is 

available. This data should be collected under similar use conditions. There also exists some 

defined critical level of degradation, beyond which a component no longer meets its design 

specifications, i.e. the component has failed. Therefore, the component should be run to failure in 

order to quantify this degradation level. 

5.2 Features Selection Based on Fault Progression 

Identification of a suitable prognostic feature can be the best solution for applying an 

extrapolation prognostic model to gear life data. Considering a system that operates under 

variable loading conditions such as aircraft accessory gearboxes, an optimum prognostic feature 

should fulfill two main requirements: (1 load variation stability and (2 sensitivity to fault 

degradation. The former characteristic implies that the feature is not impacted by the load change 

and keeps the same prognostic performance. The latter requirement infers that the feature is 

closely related to the gear degradation path and fault evolution. These two perception 

measurements could be formulized to provide a quantitative evaluation to the desired prognostic 

feature. Preferably, these metrics would have a certain range, the higher bound representing a 
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very high score on that measurement and the lower bound indicating that the feature is not 

suitable according to the specific measurement. Furthermore, the use of real system data for 

prognostic analysis implies the presence of white noise and certain uncertainties especially at the 

beginning of the rig operation and data recording, hence an adequate smoothing of the data results 

in a more accurate estimation of the prognostic feature selection metrics. The moving average 

filter has been selected and applied to the data. Figure 5-1 shows the evolution of a selected 

feature over the testing period before and after filtering. 

 

Figure 5-1 Gear feature value (a) before filtering (b) after filtering 

Figure 5-2 and Figure 5-3 represent two features (extracted from raw data) associated with the 

gear life observation after tooth crack creation. The feature shown in Figure 5-2 is considered 

useful for prognostics, while the parameter in Figure 5-3 is not due to its sudden and high 

sensitivity to load change. These two features will be used to illustrate the two feature selection 
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metrics as they are discussed over the course of this chapter. Design load 1 and design load 2 

refer to the generator loads of 110 and 140 Amps respectively as outlined in chapter 3. The loads 

applied to the other gearbox accessories were kept constant for the whole system monitoring 

period. 

 

Figure 5-2 Suitable feature for gear prognosis model 

As it has been mentioned in chapter 3, during gear condition monitoring, the generator load has 

been increased on the 7th day. To identify the prognostic key features, features’ load stability can 

be examined by a straightforward measure given by the T-test procedure for the i
th

 feature: 
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 X1 and X2 are the data set considered to calculate the distance, 

    and StdX are the mean and standard deviation of  X respectively,  

n is the data point  number for each sample set.  

Based on this amount (Ti), a stability ratio is defined as follows: 

   
    
    

 

where Ti,1 and Ti,2 are the T values calculated on the days of load variation and failure time.  

 

Figure 5-3 Unsuitable feature for gear prognosis model 

An example of a suitable feature is shown in Figure 5-2. It is clearly stable once the load changes 

at the 200
th
 observation and is characterized by its high load stability ratio Si with the value of 

4.104. Conversely, an unsuitable feature is shown in Figure 5-3 where its sensitivity to load 

change is high and its load stability ratio value is low (0.842). It is important to note that the 

current formulation of load stability ratio value considers the data set recorded on the same day 
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and at a specific time: Ti,1 is calculated using the data sets before and after the load change and Ti,2 

is calculated using the data sets before and after the tooth failure. Visual inspection of the features 

trends (135 features) led to set a threshold value for the stability ratio Si beyond which the features 

are considered suitable prognostic measures. This value was set to 2. 

Another important key point to identify a suitable feature can be its potential on how well it 

represents the degradation of the system. Characterizing the degradation of a system by a 

represented feature is more challenging compared to load stability metric. A good candidate 

feature reveals the gear degradation if it can be well trended over the gear operation life, i.e, 

consistently increases or decreases but does not oscillate in relative value. A degradation value 

(Di) is defined to analyze the selected features which have already fulfilled the stability ratio 

criterion. It is given by the following equation: 

 

Di=|mean (sign (derivative values of data set))| 

 

Degradation value is given by the average of the sign of the derivatives for each path of the 

features. Since the data sets have already been smoothed, the difference function can be used to 

calculate Di. But it could be possible, in the case of a very noisy data, to apply curve fitting and 

calculate the slope to have a more appropriate estimation of the degradation value. This metric 

clearly ranges from 0 to 1; 0 representing that the feature is not a good trend for gear degradation 

and 1 indicating that the feature is very suitable to build the degradation path.   

5.2.1 Feature Fusion/Optimization 

The literature counts a number of methods used to identify suitable prognostic features, including 

engineering judgments, principal component analysis (PCA), and optimization methods. Feature 
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selection is usually done through engineering judgements and visual assessment. Engineering 

judgments may lead to satisfactory results. But, it can be tedious and time consuming when there 

are many features to consider, and also the optimal feature may be ignored in favor of a suitable 

one. With the help of formulating desirable metrics, it is possible to apply a programmed method 

to the key features which results in identifying a suitable single prognostic combined feature.  

Numerical algorithms for nonlinear optimization can be generally categorized into gradient-based 

methods and direct search methods[136, 137]. Gradient-based methods apply first derivatives 

(gradients) or second derivatives (Hessians). Examples are the sequential quadratic programming 

method, the augmented Lagrangian method, and the (nonlinear) interior point method. Direct 

search methods do not use derivative information. Examples are Nelder-Mead, differential 

evolution, genetic algorithm (GA) and simulated annealing (SA). Direct search methods converge 

more gradually, but they can handle noise in the function better than gradient-based methods. 

Optimization algorithms mostly develop a local model of the problems. These algorithms work 

based on the certain decrease of the defined objective function to ensure convergence of the 

iterative process. These algorithms find local optima, and are called local optimization 

algorithms. On the other hand, global optimization algorithms like genetic algorithm and 

simulated annealing attempt to decrease as well as increase of the objective function. Given 

enough time, these algorithms are guaranteed to find the global optimal solution; given a set 

amount of time, they are able to find near‐optimal solutions. However, they are usually 

computationally more expensive. 

The most common global optimization methods are SA and GA. Additional global optimization 

methods include normal boundary intersection method, normal constraint method, and successive 

pareto optimization method. GA is the most popular one, but it is very expensive in terms of 
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computation and time. SA optimization is the method of choice for the current research. A brief 

overview of SA optimization is given next.  

5.2.1.1 Simulated Annealing Algorithms 

Kirkpatric et al. [138] have first proposed simulated annealing as a probabilistic method to find 

the global minimum of a defined cost function that may include several local minima. This 

method imitates the physical process within a solid when it is gradually cooled. As the 

solidification process progresses, less energy is required until the structure is frozen at the 

minimum energy. It has been proved that by carefully controlling the cooling temperature rate, 

SA can find the global optimum. SA optimization works by testing random initial parameter 

values and mimicking the stages of annealing process to optimize these values. Because of the 

pseudo‐random nature of the parameter evaluated, SA optimization is sometimes able to ignore 

local minima while searching of a global minimum. The main steps for this method are reviewed 

quickly below. A full discussion of different simulated annealing algorithms is available in [139].  

Accepting Criteria 

The goal of SA (as outlined in [138]) is to search for an optimal solution of a given problem. At 

each iteration of a simulated annealing algorithm applied to an optimization problem, the 

calculated objective function for two solutions including the current solution and a new selected 

solution are compared. Improved solutions are always accepted, but a fraction of non-improved 

solutions can also be accepted while looking for the global optima. The probability of accepting 

non-improved solutions depends on a temperature factor, which is mostly non-increasing with 

each iteration of the algorithm. As mentioned before, the main characteristic of simulated 

annealing is that it provides means not to accept local optima by moves which make the objective 

function value temporarily worsen. As the temperature is decreased to zero, those moves take 
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place less frequently, and the solution distribution associated with the inhomogeneous Markov 

chain that models the behavior of the algorithm converges to a structure in which all the 

probability is concentrated on the set of globally optimal solutions. 

Simulated annealing starts with an initial solution       , where   is the solution domain. A 

neighboring solution s2 is then generated (mostly randomly). Simulated annealing is based on the 

Metropolis acceptance criterion [140], which models how a thermodynamic system moves from 

the current state, s1, to a candidate solution, s2, in which the energy content is being minimized. 

Therefore, the candidate solution is accepted as the current solution based on the acceptance 

probability. 

 

                          
                              

            
  

 

where 

                    

 f  is the objective function (energy in the thermodynamic terms), 

   is the temperature parameter at iteration k, such that: 

 

                 

        

      

This acceptance probability is the basic search mechanism for simulated annealing algorithm. If 

the temperature is reduced suitably gradually, then the system can reach an equilibrium state at 
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each iteration k. This equilibrium follows the Boltzmann distribution, which can be described as 

the probability of the system being in state s1 with energy f(s1) at temperature T such that  

  

 (if the system is in state    at temperature T) 
      

     

  
 

       
    

  
    

 

If the probability of generating a solution S2 from neighbors of s1 is q(s1,s2), where 

 

                                 

   

         

then a square stochastic matrix Pk is defined with transition probabilities: 

 

          

 
 
 

 
                

      

  
           

           

            

     

     

  

 

These transition probabilities define a sequence of solutions generated from an inhomogeneous 

Markov chain [141]. 

Statement of Algorithm  

Basically the algorithm performs the following steps as described by Eglese [142]: 

Select an initial solution  s1   

Select the temperature change counter k=0 

Select a temperature cooling schedule, tk 

Select an initial temperature T=t0≥ 0 
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Select a repetition schedule, Rk that defines the number of iterations executed at each temperature, 

tk 

Repeat 

Set repetition counter i = 0 

   Repeat 

Generate a solution s2    

Calculate        

 If       ≤ 0, then s1→ s2 

 If        > 0  then s2→ s1 with probability       
      

  
  

i→i+1 

until i=Rk 

k→k+1 

When the stopping criterion is met, this simulated annealing formulation results in total iterations 

being executed, where k corresponds to the value at which the stopping criterion is met.  

5.2.2 Feature Optimization Process  

Table 3-7 represents the gear data information used for the prognosis study. Before calculating 

the optimal prognostic gear feature, the key features have to satisfy the load stability ratio and 

degradation value criterion. For the successful candidates, a cost function based on the 

degradation value is defined:  

Cost function = Degradation value 
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In addition to optimizing for the best parameter degradation value, the prognostic feature can also 

be optimized for other features perhaps not directly related to feature performance. While the 

optimization should give these inputs weights of zero, this rarely happens before the optimization 

is terminated.  

It would be more straightforward to determine which features would improve the trend of the 

prognostic estimation and those which would be unsuitable. Basically, the applied feature 

selection method includes evaluating the cost function for each candidate input and rejecting any 

inputs with fitness below a specified threshold. This step is done after the load stability analysis is 

performed. When using degradation value as the cost function, a threshold value of 0.2 was 

chosen below which a feature is considered useless for further analysis. 

To have an equal contribution of each feature in the optimization procedure, the features were 

scaled. They could be scaled with respect to several measures, including the standard deviation, 

the input range, etc. Then, the SA was used to optimize the weighting coefficients in a weighted 

sum of the features with a load stability ratio higher than the pre-defined threshold. The gear 

prognosis descriptor is given below: 

          

 

   

 

 

where fj  are the selected features based on load stability metric and cost function in section 5.2.2: 

While the visual inspection parameter could take several days using engineering analysis, the 

optimization took only a few minutes including set up and unsupervised computer run. The SA 

optimization was run using the feature selection method with load stability ratio of 2 and 

threshold of degradation of 0.2 for input to the SA algorithm. It will reduce SA runtime and help 
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ensure that a near optimal parameter is identified. Therefore, this optimization considered only 10 

features as shown in Table 5-1. The table also shows the degradation and load stability ratio 

values of each of the selected features and associated sensor. It should be noted that the time 

interval input data is in hours. 

Table 5-1 Selected features optimization process and associated metrics 

Feature 

SK Shape 

Factor 

Clearance 

Factor 

Energy 

Factor 

Energy 

Factor 

FM0 FM0 SLF SLF PM 

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 

Sensor AE VA1 AA VA1 VA2 VA1 AA VA2 ACUT ACUT 

Si 281.31 2.46 5.26 228.63 7.4 46.75 14.77 2.26 3.29 2.87 

Di 0.35 0.31 0.30 0.30 0.31 0.3 0.24 0.24 0.24 0.56 

  

 

Table 5-2 gives the weights for the optimal feature identified by 10 feature selected by the SA. 

The parameter degradation value is 0.75, as it was determined in the cost function. This may be 

further  improved by standard SA improvement techniques, such as coupling the result with a 

gradient descent optimization or running the SA several times to find the best result. 

Table 5-2 Optimal prognostic feature weightings 

Feature F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 

Weight -1815 1059 -13612 614 -827 8166 1197 1228 -3063 2520 
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5.2.3 Gear RUL Estimation 

Figure 5-4 shows the optimal gear prognostic feature and the polynomial fit function. The time at 

which the model crosses the critical failure threshold is also indicated on the figure. The real 

threshold (failure value) was chosen to be 98% of the last data point. This represents a good 

estimation of the real gear failure time (55.5 hours).   

A second order polynomial model can be used to model the degradation parameter. The quadratic 

model is robust to noise and better describes the data fit for the chosen prognostic feature. The 

quadratic fit results in a lower fitting error compared to other fitting functions such as linear or 

exponential. The quadratic fit is chosen to estimate RUL at the end of each hour for the last 15 

running hours. 

Figure 5-5 gives the results for the estimated prognostic model based on the optimized prognostic 

feature to estimate the gear RUL for each data point (the interval is in hour) and the real RUL for 

the last 15 running hours before the failure time. 
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Figure 5-4 Prognostic parameter trending and RUL estimation 

As it is clear from the figure, when the gear approaches failure, the error between the predicted 

RUL by prognostic feature and the real RUL decreases and gets better within the last three hours 

before failure. This confirms that as more observations become available, the prognostic model 

can be able to accurately determine the correct underlying regression function despite the high 

level of noise. 
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Figure 5-5 Comparison of predicted RUL and the real RUL 

5.3 Conclusion 

In this chapter, the ideal characteristics of a prognostic feature including load stability and 

degradation sensitivity were studied and formulized. Simulated annealing was used to select an 

optimal prognostic feature based on the desired metrics. Different features associated with 

different sensors which met the metrics requirement were the input for the optimization process 

leading to the identification of an optimal gear prognostic feature.  A parametric model was fit to 

the prognostic feature and extrapolated to a pre‐defined critical failure level. The RUL is 

estimated as the difference between the current time and the time at which the extrapolated model 

crosses the failure threshold. It was also shown that the degradation value (Di) of the merged 

feature is much higher than those of the input features. The increase ranges between 34% and 
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200%. Also from the predicting gear RUL, it could be concluded that as more observations 

become available, the model is able to determine the proper principal regression function.  
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Chapter 6 

Conclusions and Future Work 

Machine Fault diagnostics and prognostics are effective and efficient techniques for identifying 

machine health conditions and preventing unexpected  failures. There are many parameters 

involved in these processes. Each process is uniquely essential to consider to ensure the 

successful application of  fault diagnostics and prognostics. This research focuses on feature 

selection process of diagnostics and prognostics with application in gearbox system. This chapter 

summarizes the contributions to these aspects, describes some problems that remain unaddressed, 

and suggests directions that hold potential for future work. 

6.1 Conclusions 

6.1.1 J85-40 Gearbox Apparatus 

In this thesis a detailed description of a complex aircraft gearbox test rig was given. Significant 

modifications have been brought to the different accessories to assure suitable loading and proper 

operation simulating real operating conditions. Different tests with different gear fault severity 

along with defect to failure tests have been performed where a variety of sensor technologies 

were used and selected  to evaluate diagnostic and prognostic metrics associated with different 

sensors. 

6.1.2 Gear Fault Diagnostics 

Diagnostics includes several constituent steps. Feature selection  is  one of them. In this research 

a novel non-parametric independency method was used for detecting and classifying fault 

severity.  The proposed feature selection algorithm aimed at removing irrelevant and redundant 
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features; this is because irrelevant features tend to impair classification performance and high 

dimension of feature space consumes a huge amount of computational time. The technique was 

applied  on an extensive data set generated from experiments using artificially induced gear crack 

faults. The feature ordering gave many clear perceptions into the system. The algorithm looked 

for the characteristics of separatibility and independency of the features. The feature subset 

selection performs in a forward-elimination scheme using the ordered feature set obtained 

through the algorithm.  The results show that vibration features outperform the acoustic sensors 

and operating condition for incipient fault detection, while for fault severity acoustic sensors 

(especially AE) along with speed and load are more important features for multi-classification. 

The ranking process showed that the features by themselves were not capable of providing an 

acceptable fault classification; and other ranked features have to be added to the procedure. 

DAGSVM was used to determine the optimum feature subset. The method was compared with 

the mutual information feature-ranking method. The feature ranking and the classification method 

was applied on different operating conditions. The results suggest that the proposed method 

performs better than mutual information for gear fault severity classification. 

To examine the stability of the feature  detectability at the different operating conditions, load  

stability metric was defined based on feature associated discriminative parameter. By formalizing 

this  metric, the suitability of a candidate  stable feature at different operating conditions  can be 

quantified. The metric was used to identify the stable features for gear fault incipient condition as 

well as fault severity condition. 
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6.1.3 Gear Prognostics 

Prognostics also contains several steps where prediction is essential to provide reliable 

predictions of close to exact values for the machine lifetime to be able to improve condition 

monitoring based maintenance activities. In this research two prognostic metrics including load 

stability ratio and degradation sensitivity were formulized and applied to select the potential 

candidates for gear prognostic studies. In the literature, two methods are usually used, the 

analytical and optimization-based methods. Simulated annealing was used to select an optimal   

prognostic feature based on the desired metrics in order to predict a smooth trend of the true 

values for the feature. Different features associated with different sensors which met the metrics 

requirement were the input for the optimization process leading to the identification of an optimal 

gear prognostic feature.  A parametric model was fit to the prognostic feature and extrapolated to 

a pre‐defined critical failure level. The RUL is estimated as the difference between the current 

time and the time at which the extrapolated model crosses the failure threshold. It was also shown 

that the degradation value (Di) of the merged feature is much higher than those of the input 

features. The increase ranges between 34% and 200%. Also from the predicting gear RUL, it 

could be concluded that as more observations become available, the model is able to determine 

the correct underlying regression function despite high levels of noise. This gear application 

suggested that the proposed prognostic feature selection method performed better than visual 

judgement. This application, however, benefited from extensive analysis given to the system 

before the optimization method was developed. 
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6.2 Future Work 

Because of the complexity of the gear components, the area of gear fault diagnostics and 

prognostics has many opportunities for ongoing research beyond the scope of this thesis. A few 

key areas are outlined in greater detail here. 

Most of the data sets used in this thesis involve only a few examples of gear fault severity and 

failure. Especially the failure data were very limited. Also the only variable operating condition 

was generator load. The main reason was to do the tests in a timely manner. The availability of 

additional types of data  include many examples of fault severity and failure at different operating 

conditions like take off and landing which give more clear definitions of aircraft duty cycles will 

aid researchers in developing generic  fault diagnostics and prognostics algorithms that can be 

applied to a variety of problems. More faulty and failure data will definitely confirm the quality 

of established research in the field.  

One  goal of this thesis has been to conduct a gear fault severity classification, but fault mode 

classification, which is another important aspect of diagnostics, has not been studied.  To apply 

the proposed feature selection algorithm to fault mode classification, one should consider  how to 

assess the overall fault level of a system if there are  multiple fault modes in the system . If data 

available in speed variation, the proposed load stability can be evaluated in that level.  

For gear prognostic approach, this research focused on a simulated annealing algorithms 

approach to identifying prognostic feature from straightforward linear combinations of different 

sources of sensors. However, more complicated functions of the available data can be considered. 

This may be done through the use of  other optimization approaches.  Degradation modeling has 

been the applied approach on building prognostic model for the available gear failure data. 
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Development of an intelligent method to apply all the  types of available  prognostics models to 

the data will make full lifecycle prognostics possible.  
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